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Prescriptive Analytics on Firm Response Strategies

Abstract

We study the problem of devising an appropriate opinion management strategy for a firm to respond
to online customer reviews using a stochastic differential equation model. The model describes the
evolution of review ratings over time for a given response strategy employed by the firm. This model
is validated using data on online customer reviews and firm responses from one of the world’s largest
online travel agents. Compared with popular benchmark models such as ARMA and GARCH, our
model achieves better predictive performance in general, but moreover is able to fuse the response
strategy into the underlying data generation process of review ratings. Our approach therefore, is not
just predictive, but more importantly one that can be used in a prescriptive sense, namely, to prescribe
a response strategy that controls review ratings in a desired manner.
Keywords: Stochastic Differential Equation Model, Customer Opinion Management, Response Strat-
egy

1 Introduction
In today’s online economy, customers are increasingly relying on online reviews, social media and
other forms of word of mouth to form opinions on a product or service they intend to purchase. Of
these sources, online reviews have been found to have a big impact on a firm’s reputation and revenue
(Jabr and Zheng 2014). Negative reviews in particular, play a more prominent role (Chevalier and
Mayzlin 2006). Firms, however, continue to struggle with how to mitigate or counter the influence of
negative reviews.

Many savvy firms have found that user opinions can be managed effectively by directly responding
to reviews. Evidence suggests that a calibrated firm response is often an effective way to tackle with
negative reviews. It is reported that after seeing a carefully crafted response to a negative review, 71%
of customers change their perception of the brand (Meyer 2013). Proserpio and Zervas (2016) find that
hotels that actively respond to reviews receive an average increase of 0.12 star rating in TripAdvisor.
Gu and Ye (2014) show that directly responding to negative reviews not only addresses a particular
customer’s concerns, but also helps limit the spillover of negative opinions to other customers towards
building up the firm’s online reputation.

Our focus in this study is on the design of a response strategy to manage user opinions. A full
response strategy – one that responds to every review – will likely be either too costly or ineffective,
if the responses are not adequate. To unravel the mechanics of how review ratings evolve over time,
we develop a Stochastic Differential Equation (SDE) method to model the underlying review rating
generation process. This model captures how average ratings react to the arrival of new reviews as
well as the firm’s response strategy.

In the SDE model, the stochastic variable of interest (or the state), is a measure of customer value
proposition, i.e., a customer’s perception of quality of a product or service at any given point in time.
The state is operationalized as the average of a certain number of recent ratings provided in customer
reviews. The change in the state during a small time interval is decomposed into a deterministic
component and a stochastic component. The deterministic component combines the firm’s response
strategy and the influence of newly arrived reviews. The stochastic component consists of a random
noise term that cannot be explicitly observed or explained. With some modifications, our proposed
SDE model can be transformed into a form similar to the Cox-Ingersoll-Ross (CIR) model (Cox et al.
1985).

We solve our proposed SDE model to estimate the stochastic process of the state as a function of
time and other primitives, including the firm’s response strategy. This stochastic process is validated
empirically using data on online customer reviews and firm responses from one of the world largest
travel agents. Compared with traditional time series forecasting methods such as Autoregressive
Moving Average (ARMA), Generalized Autoregressive Conditional Heteroscedasticity (GARCH),
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Moving Average (MA), and Exponential Smoothing (ES), our model generally achieves superior
predictive performance.

However, the key strength of our approach is that it is able to recover the distribution of future
review ratings as a function of the response strategy used by the firm. Our approach therefore, is not
just predictive, but also one that can be used in a prescriptive sense, namely, to prescribe a response
strategy that controls the rating generation process in a desired manner.

2 Literature Review
In our paper, we develop a Stochastic Differential Equation (SDE) model of the dynamics of review
ratings in the presence of a response strategy used by the firm. A stochastic process, Xt , t ≥ 0, models
a random variable of interest, that varies continuously and stochastically through time. We model the
stochastic rating process as a Markov process, where the probability distribution of the future value
depends only on its current value, that subsumes the effect of past values of the process. Random-
ness is captured by a Wiener process (Ross 2014), a fundamental building block for randomness in
stochastic processes. Often there are special characteristics of interest in time series data such as the
mean reversion property, which allows the state variable to fluctuate around one specific level (Dixit
et al. 1994). One of the simplest mean-reverting processes, called the Ornstein-Uhlenbeck process,
follows dXt = α(µ −Xt)dt +σdWt , where α is the speed of reversion, and µ represents the mean
level of Xt . If Xt is greater (less) than µ , it is more likely to fall (rise) over the next short interval of
time.

Our study differs from the past research both in terms of the problem being solved, and the re-
search methodology being used. To our knowledge, this study represents one of the first attempts to
prescribe an appropriate response strategy to manage user opinions. We also model the dynamics of
online reviews, namely, how review ratings evolve over time after accounting for the response strategy
used by the firm. From a methodological perspective, we develop a stochastic differential equation
model to prescribe the review data generation process. A key distinction of our stochastic differential
equation model is that we model the stochastic nature of the review data generating process. We next
develop and operationalize the proposed SDE model of how review ratings evolve over time.

3 Stochastic Model of Review Ratings
We consider a typical online review setting, where reviews and ratings arrive in a chronological se-
quence forming time series data. Majority of customers read reviews sequentially from the default
review page (Wu et al. 2015). At any point of time, we capture the notion of the state (consumers’
perception of product quality) as the moving average of the last n most recent ratings. To model
the stochastic nature of the ratings process, we use the moving average of recent ratings as the state
variable of interest.

In a time series data, a moving average is commonly used as a measure of the state (De Gooijer
and Hyndman 2006). In our setting, the state of the system is affected by the arrival of new reviews
as well as any responses the firm may provide to improve customer value proposition. The goal of
our model is to devise a model that captures the evolution, over time, of the state of the system (xt).
To model the data generating process, we start with a simplified micro-structure: the change of the
state (dxt) in a small time interval from t to t +dt. The change in the state consists of a deterministic
component and a random component.

The deterministic component models the expected change (drift) in the state, E(dxt), as a function
of the arrival of reviews and firm responses, if any. We assume that the arrival of reviews follow a
Poisson process with rate λ . During a small time interval, the probability of arrival of one review is
λdt. A review can be either negative or positive.

Let p (or 1− p) be the probability that a review is negative (positive). The impact of a negative
review on the state depends on a damage parameter β and the current state of the system xt . The
negative impact is larger for higher values of xt ; or conversely, when customers already had a low
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opinion, a negative review causes less damage. In the extreme case when xt = 0, there is no further
damage. On the other hand, the impact of a positive review depends on a boost parameter ρ and
(b− xt), the difference between the highest possible quality perception b and the current state xt .
When the perception of quality is already high, a positive review does not boost it as much. In the
extreme case when xt = b, there is no further gain possible of a positive review.

Finally, let the firm use a damage control effort of α , associated with responding to reviews. The
impact of this effort on the state is α(b− xt). When the perception of quality is high, the impact
of damage control diminishes. Taking together the impact of all the three driving forces (the impact
of positive review, the impact of negative review, and the impact of damage control in the form of
management responses) on xt , we can write

E(dxt) = (λ (1− p)ρ(b− xt)−λ pβxt +α(b− xt))dt

Collecting the terms and rewriting we get the form,

E(dxt) = k1(k2− xt)dt

where k1k2 = ρλ (1− p)b+αb and k1 = α +βλ p+ρλ (1− p).
The stochastic component (diffusion) of the change in perception of quality (dxt) is modeled as

σ
√

b− xtdWt , where dWt is the Wiener process used to capture white noise or randomness; dWt ∼
N(0,dt). The parameter σ influences the magnitude of the random component, and the term

√
b− xt

ensures the state variable not to exceed the upper bound, b. When the state variable touches b, the
diffusion term dissolves. Square root processes are commonly used to model stochastic movements
(Brown 2004). As (b− xt) becomes very small, the square root term diminishes slower than a linear
structure, implying that the stochastic component continues to have a material impact even as xt
approaches b. Also, the square root structure is one among the few SDE structures that lends itself to
closed form solutions. To summarize, we model the change in state using the following SDE:

dxt = k1(k2− xt)dt +σ
√

b− xtdWt (1)

Regarding equation (1), in the long run (as t → ∞), the steady state mean is obtained by setting
and solving E(dxt) = 0. Thus, the steady state (long run) mean of perception of quality (k2) is given
by E(xt) = k2 =

b
1+ βλ p

α+ρλ (1−p)

.

It is clear from the above that the steady state mean increases with the damage control effort α .
Also, if no damage control effort is exerted by the firm to counter negative reviews (α = 0), the steady
state mean is likely to go to zero when reviews are predominantly negative. That is, the steady state
mean will tend to zero if there is no damage control effort (α = 0) and the impact of negative reviews
is much larger than that of positive ones (β p� ρ(1− p)). This negative trend in posted ratings over
time is consistent with observations in the literature (Li and Hitt 2008, Moe and Schweidel 2012).
Generally speaking, firms would like to keep the perception of quality at a high level, and perhaps
would also like its fluctuations to remain within a relatively small interval.

The SDE model in equation (1) can be transformed into a standard form using the linear trans-
formation yt = b− xt . Then using Ito’s Lemma and after some algebra, the transformed SDE model
becomes:

dyt = k1(k3− yt)dt +σ
√

ytdWt (2)

where k3 = b− k2. We can see that the structure of the SDE model in equation (2) is in the form of
the CIR model. Cox et al. (1985) noted that the distribution of yt given yu for some u < t is, up to
a scale factor, a non-central chi-square distribution. The expectation and variance for yt , given the
initial value y0 are

E(yt |y0) = y0e−k1t + k3(1− e−k1t) (3)
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V(yt |y0) = y0
σ2

k1
(e−k1t− e−2k1t)+

k3σ2

2k1
(1− e−k1t)2 (4)

4 Data
Our main data source comes from Ctrip.com, the leading online travel agent aggregator in China.
Ctrip offers a variety of tours (products), in which the travel agent provides tourism services including
itinerary planning, hotel accommodation, transportation, guided tour service, etc. Customers book
these tours and then post reviews at Ctrip.com. These tours are offered by different travel agents
where Ctrip itself is the largest travel agent on Ctrip.com. A firm (travel agent) can only respond to
customer reviews of its own tours.

We obtained the data for 20 random tours from April 2012 to June 2014. The average number
of reviews per tour is 1,510 with the minimum value 380 and the maximum value 7,035. For each
tour, we collected customer review information for each posting, including a unique identifier for
the reviewer, review date, review ratings (from 1 to 5), and review texts. If the review received a
response from the firm, we record the date of response and the text of the response. Table 1 presents
the frequency distribution of review ratings. The last column in Table 1 presents the fraction of

Table 1: Distribution of Customer Review Ratings and the Fraction of Reviews with Responses

Review Rating
No. of
Reviews Percentage

No. of
Responses

Fraction
with Response

1 201 0.67% 175 87.06%
2 115 0.38% 98 85.22%
3 852 2.82% 308 36.15%
4 5,895 19.52% 775 13.15%
5 23,137 76.61% 364 1.57%
Total 30,200 100.00% 1,720 5.70%

customer reviews which received responses by the star-rating of the tours. As can be clearly seen,
there is more response activity when the rating is low, indicating that firms are selective with their use
of a response.

Next, we label a review as negative or positive in a manner described below. If the rating associ-
ated with a newly arrived review is above a certain threshold, the review is considered positive, and
otherwise negative. Since the review ratings in this industry are generally high (above 4), we choose a
relatively high threshold: if the rating is less than or equal to 4, we consider it as negative and positive
otherwise.

5 Model Estimation
We apply the Maximum Likelihood Estimation (MLE) procedure to recover the parameters in our
SDE model. The parameters need to be estimated are the response effort (α), damage (β ), boost
(ρ), arrival rate (λ ), negative review probability (p) and magnitude of the stochastic component (σ ).
The value of the upper bound for the rating (b) is fixed to be 5 since this is the value of the highest
rating allowed by the review system. The unit of analysis is a specific tour, i.e., we estimate the above
parameters for each tour. To apply MLE, we first need to specify the probability density function of
yt , which has been originally derived in Feller (1951). For a given value of yt at time t, the density of
yt+s at time t + s is

p(yt+s|yt ;α,ρ,β ,σ ,λ , p,s) = ce−u−v(
v
u
)

q
2 Iq(2

√
uv) (5)

where c = 2k1
σ2(1−e−k1s)

, u = cyte−k1s, v = cyt+s, q = 2k1k3
σ2 − 1, k1 = α + ρ(1− p)λ + β pλ , k3 =

5β pλ

α+ρ(1−p)λ+β pλ
, and Iq(2

√
uv) is the modified Bessel function of order q. k1 measures the speed
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of reversion, and k3 is the steady state mean of yt . For simplicity, we define θ ≡ (α,ρ,β , p,λ ,σ).
The log-likelihood function for yt with N observations is

lnL(θ) =
N−1

∑
i=1

ln p(yti+1|yti;θ ,∆t) (6)

Plugging equation (5) into equation (6) yields

lnL(θ) = (N−1) lnc+
N−1

∑
i=1

[−uti− vti+1 +0.5q ln
vti+1

uti
+ ln Iq(2

√
utivti+1)] (7)

where uti = cytie
−k1∆t and vti+1 = cyti+1 . The Maximum Likelihood estimate θ̂ is solved by maximizing

the log-likelihood function described in equation (7) over its parameter space:

θ̂ = (α̂, ρ̂, β̂ , p̂, λ̂ , σ̂) = argmax
θ

lnL(θ).

We then describe how the values of the review arrival rate λ and the negative review probability
p are estimated from the data. For each tour, we observe the timestamp of every review. Taking the
first difference along two consecutive reviews yields the inter-arrival time of reviews. The reciprocal
of its average is the expected review arrival rate λ . We empirically verify with our data that the inter-
arrival time of reviews approaches an exponential distribution, indicating reviews arrive according to
a Poisson Process with rate λ . The expected probability of negative review p is inferred by counting
the number of negative reviews over the total number of reviews for each tour. We also empirically
verify that negative reviews arrive according to a Poisson Process with rate pλ , consistent with the
theory that the split of a Poisson Process is also a Poisson Process.

Table 2: The Parameter Estimation Results
Tour ID λ̂ p̂ α̂ ρ̂ β̂ σ̂ γ1 γ2
5106 1.595∗∗∗(0.259) 0.298∗∗∗(0.031) 0.032∗∗∗(0.007) 0.019∗∗∗(0.007) 0.009∗∗∗(0.001) 0.092∗∗∗(0.002) 1.55 0.17
72528 1.533∗∗∗(0.333) 0.42∗∗∗(0.052) 0.031∗∗∗(0.008) 0.019∗∗ (0.009) 0.008∗∗∗(0.001) 0.084∗∗∗(0.003) 1.83 0.26
73154 2.22∗∗∗(0.281) 0.358∗∗∗(0.029) 0.059∗∗∗(0.009) 0.020∗∗∗(0.006) 0.011∗∗∗(0.001) 0.115∗∗∗(0.003) 2.06 0.18
80961 6.377∗∗∗(0.817) 0.193∗∗∗(0.024) 0.031 (0.027) 0.019∗∗∗(0.005) 0.005∗∗∗(0.000) 0.232∗∗∗(0.003) 0.32 0.19
29336 1.941∗∗∗(0.644) 0.266∗∗∗(0.063) 0.013∗ (0.010) 0.010∗ (0.007) 0.003∗∗∗(0.001) 0.112∗∗∗(0.003) 0.92 0.19
23222 1.633∗∗∗(0.269) 0.248∗∗∗(0.029) 0.052∗∗∗(0.011) 0.019∗∗ (0.009) 0.011∗∗∗(0.001) 0.098∗∗∗(0.003) 2.23 0.10
30938 1.54∗∗∗(0.489) 0.279∗∗∗(0.053) 0.014∗ (0.010) 0.020∗∗ (0.009) 0.006∗∗∗(0.001) 0.091∗∗∗(0.003) 0.63 0.24
71480 3.428∗∗∗(0.471) 0.261∗∗∗(0.026) 0.030∗∗ (0.013) 0.020∗∗∗(0.005) 0.006∗∗∗(0.001) 0.156∗∗∗(0.003) 0.59 0.22
88292 3.711∗∗∗(0.539) 0.216∗∗∗(0.027) 0.030∗ (0.023) 0.017∗∗ (0.008) 0.006∗∗∗(0.001) 0.198∗∗∗(0.004) 0.60 0.17
693 19.72∗∗∗(1.547) 0.163∗∗∗(0.013) 0.248∗∗∗(0.063) 0.187∗∗∗(0.004) 0.045∗∗∗(0.001) 0.410∗∗∗(0.002) 0.08 0.18
56737 7.437∗∗∗(0.804) 0.199∗∗∗(0.020) 0.053∗ (0.033) 0.011∗∗ (0.006) 0.005∗∗∗(0.000) 0.261∗∗∗(0.004) 0.78 0.14
71478 0.624∗∗∗(0.093) 0.365∗∗∗(0.030) 0.035∗∗∗(0.005) 0.051∗∗∗(0.014) 0.022∗∗∗(0.002) 0.056∗∗∗(0.003) 1.72 0.21
49049 1.565∗∗∗(0.227) 0.333∗∗∗(0.030) 0.035∗∗∗(0.007) 0.023∗∗∗(0.007) 0.010∗∗∗(0.001) 0.097∗∗∗(0.003) 1.49 0.20
72526 0.932∗∗∗(0.214) 0.258∗∗∗(0.028) 0.030∗∗∗(0.010) 0.062∗∗∗(0.015) 0.024∗∗∗(0.003) 0.071∗∗∗(0.004) 0.71 0.20
32391 1.735∗∗∗(0.372) 0.309∗∗∗(0.026) 0.012∗ (0.009) 0.046∗∗∗(0.007) 0.011∗∗∗(0.001) 0.107∗∗∗(0.003) 0.21 0.37
72527 0.819∗∗∗(0.187) 0.302∗∗∗(0.051) 0.031∗∗∗(0.008) 0.016 (0.013) 0.010∗∗∗(0.002) 0.060∗∗∗(0.003) 3.50 0.10
69278 1.199∗∗∗(0.273) 0.278∗∗∗(0.036) 0.025∗∗∗(0.009) 0.032∗∗∗(0.010) 0.011∗∗∗(0.002) 0.087∗∗∗(0.003) 0.93 0.20
28245 1.052∗∗∗(0.351) 0.357∗∗∗(0.077) 0.011∗∗ (0.006) 0.012∗ (0.009) 0.005∗∗∗(0.001) 0.075∗∗∗(0.003) 1.39 0.23
30814 0.802∗∗∗(0.398) 0.288∗∗∗(0.113) 0.022∗∗ (0.013) 0.010 (0.022) 0.008∗∗∗(0.003) 0.090∗∗∗(0.004) 3.83 0.08
16311 2.268∗∗∗(0.293) 0.372∗∗∗(0.020) 0.049∗∗∗(0.009) 0.047∗∗∗(0.006) 0.014∗∗∗(0.001) 0.114∗∗∗(0.003) 0.74 0.34
Notes. The estimation is based on the in-sample data for each tour.
*** p≤ 0.01; ** p≤ 0.05; * p≤ 0.10.

We use the Nelder-Mead simplex algorithm to numerically obtain the MLE estimates. We imple-
mented the SDE estimation procedure in MATLAB. Table 2 presents estimation results for all the 20
tours with the standard error in parenthesis. In Table 2, for each tour, we estimate the corresponding
review arrival rate, the probability of negative review, the control effort parameter, the boost parame-
ter, the damage parameter, and the magnitude of the stochastic component. Table 2 shows that there
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is considerable variation across all 20 tours with respect to all these parameters, and most estimates
are significant.

In understanding the estimation results across tours, comparing the estimated values of the pa-
rameter α and ρ provides us less insights, since the impacts of the control part and positive arriving
reviews to dxt depend on α(b− xt) and ρλ (1− ρ)(b− xt) respectively. In order to compare the
impacts from the two forces more intuitively, we introduce γ1 =

α

λ (1−p)ρ , which measures the normal-
ized boosting impact of the firm’s control relative to the boosting impact of a positive review. In this
sense, γ1 is similar to the notion of odds ratio, where the marginal impact of firm response is measured
against that of a positive review. γ1 > 1 represents firms’ control exerts more influence in boosting
the state than a positive review does on average. The eighth column in Table 2 presents the value of
γ1 for each tour. We find there is a large variance in γ1 across different tours (the average value of
γ1 is 1.305 with a high variance 1.028), indicating that the response strategies across tours are quite
different. In Section 7, we will provide an operational interpretation of these response strategies and
develop procedures to optimize them under different business objectives.

In a similar manner, we define γ2 =
ρ(5−E(xt))

βE(xt)
, to measure the relative impact of a positive review

against the impact of a negative review. The last column in Table 2 shows that the relative impact of
positive reviews with respect to negative ones is about the same across different tours (the average
value of γ2 is 0.198 with a small variance 0.005). Given γ2 < 1 from our results, the negative review
has bigger influence (on the state) than positive review, which is consistent with prior study (Chevalier
and Mayzlin 2006). We next validate our SDE model with extensive model comparisons.

6 Model Validation
The best way to validate a structural model is to predict the outcomes of quasi-experiments that
the world presents to us, in which a policy change occurs and data before and after the change is
available. However, such opportunities are rare. Keane (2010) advocates alternatively validating a
structural model (against a reduced form model) by resting primarily on how well the model performs
in validation exercises, i.e, by examining whether the model does a reasonable job of fitting the
historical data and whether the model does a reasonable job at out-of-sample prediction. In our
setting, since we could not apply falsification tests to validate (or invalidate) our prescriptive model
that requires conducting field experiment with the firm, we rely on comparing different models using
the predictive performance.

Specifically, we examine whether our proposed SDE model performs well on the basis of pre-
dictive performance as compared with conventional reduced form time-series models, including the
representative ARMA, GARCH, Moving Average (MA), and Exponential Smoothing (ES).

Autoregressive moving average (ARMA) is a classic method to model time series data. The
model consists of two parts, an autoregressive (AR) part and a moving average (MA) part. The au-
toregressive part is a function of lagged dependent variable while the moving average component is
a function of lagged error terms. The model normally takes the form of ARMA(p,q) where p is the
order of the autoregressive part and q is the order of the moving average part. After specifying p and
q, ARMA models can be estimated by least square regressions. The generalized autoregressive con-
ditional heteroscedasticity (GARCH) model is an extension of the Engle’s autoregressive conditional
heteroscedasticity (ARCH) model for variance heteroscedasticity. The GARCH(p,q) model speci-
fies p GARCH coefficients associated with lagged variances, and q ARCH coefficients associated
with lagged squared innovations. A simple Moving Average (MA) uses the un-weighted mean of the
previous m observation to forecast the next data point (Brown 2004); while the simple Exponential
Smoothing (ES) weights the past data in an exponentially decreasing manner. We choose m equal to
5 in our operationalization of MA and ES.

For each tour, we use the first 70% portion as in-sample and the remaining as out-of-sample.
We use in-sample to calibrate all the models considered. For both the ARMA and GARCH, the
choices of p and q are empirically determined from the data on the basis of Bayesian Information
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Criterion (BIC) values for each tour. We then use the trained models to predict the out-of-sample.
For SDE, yt follows the data generating process specified in equation (2). Given an initial point
of y0, the conditional expectation at time t is ŷt = E(yt |y0) = (y0− k3)e−k1t + k3 and x̂t = 5− ŷt .
The out-of-sample predictive performance is measured using Root Mean Squared Error (RMSE),
Mean Absolute Error (MAE), and Symmetric Mean Absolute Percentage Error (SMAPE). RMSE is

calculated following RMSE =

√
n
∑

t=1

(x̂t−xt)2

n , MAE is computed as MAE =
n
∑

t=1

|x̂t−xt |
n , and SMAPE

takes the form of SMAPE = 100%
n

n
∑

t=1

|x̂t−xt |
|x̂t |+|xt | .

6.1 In-Sample Performance

We first validate our proposed data generating process of review ratings by comparing the estimated
steady state mean (as t goes to infinity) of the state variable xt with the observed steady state mean.

The observed mean µ is derived from the data directly according to µ = 1
N

N
∑

i=1
xi. The estimated steady

state mean of xt using SDE is calculated as µ̂SDE = 5− k̂3. The agreement of these two means is a
measure of fitness for a model. The values of µ̂ARMA, µ̂GARCH , µ̂MA, and µ̂ES represent the estimated
steady state means of review ratings using ARMA, GARCH, MA, and ES respectively.

Overall, the average of the estimated means of 20 tours from our SDE method is 4.652, very
close to the observed mean of 4.653, lending support to the validity of our proposed data generating
process. The average of the estimated means of 20 tours is 4.651 from ARMA method, and is 4.681
from GARCH method. Formally, we conduct the paired t test (two-tailed) between SDE and the other
benchmark methods to examine whether the two sets of means are statistically different. These results
are reported in Table 3.

The p-value of the paired t test between µ̂SDE and µ is 0.676, indicating no significant difference
between the SDE prediction and the observed values; the difference between SDE and ARMA is
also insignificant (p = 0.725), whereas the p-values of the paired t tests between SDE and all other
methods are significant: 0.009, 0.021, and 0.019 for GARCH, MA, and ES respectively. To sum-
marize, regarding the steady state mean, our SDE method performs better than GARCH, MA, and
ES, and achieves comparable performance with ARMA. Besides the steady state mean, we also use

Table 3: Steady State Mean Comparison
Comparison t-statistic (p-value)
Observed versus SDE 0.425 (0.676)
SDE versus ARMA 0.356 (0.725)
SDE versus GARCH 2.934∗∗∗(0.009)
SDE versus MA 2.511∗∗(0.021)
SDE versus ES 2.571∗∗(0.019)
*** p≤ 0.01; ** p≤ 0.05; * p≤ 0.10.

RMSE, MAE, and SMAPE for all the methods to gauge the in-sample inference performance. Ta-
ble 4 presents the t-statistics and corresponding p-values for the statistical comparisons pertaining to
in-sample metrics. As Table 4 shows, the SDE method outperforms GARCH, MA, and ES, but is
comparable with ARMA.
6.2 Out-of-Sample Performance

We then compare the predictive performance of our SDE model with ARMA and GARCH, MA, and
ES models on out-of-sample data. Here we conduct two types of predictive analyses: long term and
short term. Long-term prediction refers to the ability to predict the value of xt at the end of the out-
of-sample period, whereas short-term prediction refers to the ability to predict the value of xt at the
end of the next 20 observations.
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Table 4: Paired T-Test Results: In-Sample and Out-of-Sample

Comparison In-Sample
Out-of-Sample
Long Term

Out-of-Sample
Short Term

RMSE

SDE versus ARMA 0.592 (0.561) 0.443 (0.663) 1.112 (0.280)
SDE versus GARCH 2.872***(0.010) 2.707** (0.014) 2.747** (0.013)
SDE versus MA 4.237***(0.000) 2.586** (0.018) 2.327** (0.031)
SDE versus ES 4.147***(0.001) 2.559** (0.019) 2.042* (0.055)

MAE

SDE versus ARMA 0.854 (0.404) 0.651 (0.523) 1.118 (0.277)
SDE versus GARCH 1.571 (0.133) 2.559** (0.019) 2.811** (0.011)
SDE versus MA 3.772***(0.001) 2.545** (0.020) 2.618** (0.017)
SDE versus ES 3.681***(0.002) 2.509** (0.021) 2.339** (0.030)

SMAPE

SDE versus ARMA 0.005 (0.996) 0.070 (0.944) 1.150 (0.264)
SDE versus GARCH 2.575** (0.019) 3.048***(0.007) 3.979***(0.001)
SDE versus MA 2.697** (0.014) 2.841***(0.010) 2.277** (0.035)
SDE versus ES 2.591** (0.018) 2.769** (0.012) 2.317** (0.032)

*** p≤ 0.01; ** p≤ 0.05; * p≤ 0.10.

From a control perspective, knowing the future in the short term is perhaps more important, be-
cause a control is a short-term intervention device, rather than something like a strategic plan that has
medium to long-term implications. Table 4 shows the t-statistics and corresponding p-values pertain-
ing to out-of-sample metrics. Among these methods, GARCH performs the worst. We applied the
Engle test for residual heteroscedasticity and the results indicate that the autoregressive conditional
heteroscedasticity effect is not significant, meaning the GARCH model does not fit our time series
data well. SDE and ARMA achieve comparable predictive performance on the out-of-sample. As
a whole, the SDE method performs better than GARCH, MA, and ES for both long-term and short-
term out-of-sample prediction. To summarize, SDE achieves comparable predictive performance with
ARMA, but outperforms the other benchmark methods such as GARCH, MA, and ES.

It is important to note that though ARMA achieves comparable predictive performance with SDE,
the value of the SDE model extends beyond predictive analytics. The key advantage of the SDE
approach lies in its ability to perform counterfactual analysis and policy simulation, based on which
managers can use the model to prescribe what would happen if some elements of the environment
change, as we will demonstrate next.

7 Probabilistic Response Strategy and Applications
To demonstrate the prescriptive use of our model, this section provides some practical applications of
how the probabilistic response strategy could be implemented to achieve a certain managerial goal.
This is only made possible through our structural SDE model (e.g. as opposed to ARMA, GARCH,
etc.).

A key advantage of our proposed SDE approach lies in its ability to not only predict consumers’
perception of quality, but also influence it by responding to customer opinions in a prescriptive sense.
The firm could have different objectives concerning the manner in which it desires to influence the
perception of quality. Our SDE approach enables the firm to determine how a probabilistic response
strategy (policy) shall be chosen to achieve such a goal. Clearly, a purely predictive approach (es-
pecially, one that does not model the underlying data generating process) will not be of much help
when it comes to intervene the evolution of consumers’ perception of quality over time. We discuss
below how our approach can be applied to three different control objectives with corresponding policy
recommendations.
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Mean Control

A natural goal that firms might want to achieve is a target value of the average consumers’ perception
of quality, µgoal . We have,

µgoal =
5

1+ βλ p
α+ρλ (1−p)

,

hence, α =
βλ pµgoal
5−µgoal

−ρλ (1− p). This choice of α can then be mapped to a corresponding proba-
bilistic response strategy.

Mean-Variance Control

A firm may want to influence not only the mean perception of quality but also its variance since large
fluctuations in consumers’ perception of quality would likely be viewed by customers as a sign of an
unreliable product or service. For example, one kind of mean-variance control would be to achieve a
specified value of the coefficient of variation of the state (cg, say). By solving

√
V(xt)

µx
=

√
k3σ2

2k1

5− k3
=

√
( 5βλ pσ2

2(α+βλ p+ρλ (1−p))2 )

5(α+ρλ (1−p))
α+βλ p+ρλ (1−p)

= cg,

we can determine the value of the control (α) and then map this value to a corresponding probabilistic
response strategy p(xt).

On similar lines, one may wish to set a lower limit (say, ml) for the mean-variance expression
µ − γ

√
V(xt), where γ is a penalty for variation. Note that the mean and variance of xt are both

functions of α . Hence, one can determine the smallest value of the control parameter α to achieve
ml , and then map this value of α to a corresponding probabilistic response strategy.

Service-Level Control

Rather than a mean-variance objective, firms may want to ensure that a certain percentage of the per-
ception of quality is greater than a desired level d. This is especially important in service management
since a high probability of poor performance (state falling below a certain level), despite a reasonable
mean, indicates poor service level. In the context of control applications, this phenomenon is referred
to as “out of control" (Merchant 1982). Put differently, the objective is to provide a probabilistic guar-
antee that the state will not fall below a specified level over a given planning horizon. We call this
Service-Level Control because it is similar to provide a service-level guarantee if the ratings system
(and the responsibility to respond to negative reviews) was offered as a service by a vendor.

The probability density function of 2cyi is a non-central chi-squared distribution with 2q+2 de-
grees of freedom and non-centrality parameter 2u. We have

P{xi ≥ d}= P{yi ≤ 5−d}= P{2cyi ≤ 2c(5−d)}= ps,

and further
Fy(2c(5−d);2q+2,2u) = g(α) = ps.

Then the corresponding control parameter α is calculated through α = g−1(ps).
The above three examples illustrate how firms’ potential objectives can be achieved by utilizing

our SDE approach to manage an on-going process proactively, rather than merely predict its behavior
reactively. Of course, firms could set different objectives and prescribe the optimal response strategy
to achieve their specific objective in practice.
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A Numerical Illustration

We illustrate the above policies with tour 5106. The estimated parameters for this tour are λ̂ = 1.595,
p̂ = 0.298, ρ̂ = 0.019, β̂ = 0.009, σ̂ = 0.092, and α̂ = 0.032 and the mean of the review ratings is
µ̂ = 4.63. We calculate its coefficient of variation which is equal to 0.036, and the probability of the
perception of quality greater than 4.7 is equal to 0.05. In Mean-Control, the firm sets the target mean
review rating to be 4.7, and the corresponding control parameter is α̂M = 0.046. In Mean-Variance
control, the target coefficient of variation of the review ratings is set to be 0.05, the corresponding
control parameter is α̂V = 0.017. In Service-Level control, the firm would like to ensure that the
probability that the perception of quality is greater than 4.7 is 0.8. Here, the corresponding control
parameter is α̂S = 0.054. We map these values of the control to the probabilistic response strategy.
When the state variable is greater than k2 (the target mean), the probability of providing a response is
zero.

Table 5 tabulates the recommended probability of providing a response given the state xt under
different control objectives discussed above. Also shown (in the second column) is the value of the
control (α) that achieves the objective (mean, mean-variance, and service-level). As the control (α)
magnitude increases, the probability of providing response becomes higher for the same level of the
state variable.

Table 5: Probabilistic Response Strategy for Different Control Objectives
Objective α xt

4.0 4.1 4.2 4.3 4.4 4.5 4.6 4.7
Mean 0.046 0.96 0.82 0.68 0.55 0.41 0.27 0.13 0
Mean-Variance 0.017 0.41 0.33 0.25 0.17 0.08 0 0 0
Service-Level 0.054 1 0.96 0.81 0.65 0.50 0.35 0.20 0.04

8 Conclusions
This paper studies the problem of managing online customer opinions using management response
strategy. Toward this end, we develop a stochastic differential equation model to study the evolu-
tion of user opinions over time. The model incorporates a control strategy into firm response to user
reviews and investigates the impact of the responses on review ratings. The model is empirically es-
timated using data on firm responses and online customer reviews for two of the world largest travel
agents. The model is validated along different dimensions of its performance. First, the predicted
steady state mean obtained from the model is compared with the observed steady state mean, inferred
directly from the data. We then demonstrate the superiority of our SDE model by examining its pre-
dictive performance compared with benchmark models including ARMA, GARCH, MA, and ES. Our
approach achieves comparable predictive performance with ARMA, but outperforms GARCH, MA,
and ES. We further provide an operational interpretation of the control by mapping it to an equiv-
alent probabilistic response strategy. Finally, we demonstrate the applicability of the probabilistic
response policy under different control objectives, namely, mean control, mean-variance control, and
service-level control.

The main contributions of the paper are two-fold. Recent research shows that directly respond-
ing to user comments can increase online reputation. However, while predictive models of review
ratings exist, there are no prescriptive models that recommend the best response strategy to decision
makers to achieve a specific managerial goal. We believe what we offer in this study is a significant
first step towards a prescriptive response strategy. From a methodological perspective, the stochas-
tic differential equation approach presented here, opens the black box of the data generating process
underlying review data as opposed to reduced form models that essentially stop at estimation or pre-
diction. Compared with other structural models, a key distinction of our approach is that we model the
stochastic, time-series nature of the review data generating process. Most other structural approaches
have emphasized a utility framework to understand the process of data generation.
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Abstract 
The paper investigates the vertical spillover effect from crisis-stricken firms’ responsive actions to 

supply chain partners. According to social comparison theory, we propose that responsive actions 

(action volume and action consistency) by stricken firms can induce both positive and negative 

spillover effect on supply chain partners’ stock performance, and online word-of-mouth (WOM) 

(WOM volume and WOM valence) plays a mediating role during the spillover process. Based on a 

longitudinal dataset from multi-sources, we confirmed the negative impact of action volume and 

positive impact of action consistency, as well as the mediating role of WOM valence. Our results 

have profound implications for both academic research and industrial practice. 

 

Keywords: Crisis Spillover, Responsive Strategy, Online WOM, Supply Chain Partners 

 

1. Introduction 
Emerging high-impact crisis have heightened attention of both scholars and practitioners to the crisis 

spillover effect among supply chain partners. In July 2014, Shanghai Husi Foods was reported to sell 

out-of-date meat to clients including McDonald’s and Yum Brands in China. Following the report, 

shares in Yum Brands slumped 4.25% and McDonald’s saw its stock drop 1.5% (Petroff and Yan 

2014). In today’s global economy, firms are more exposed to such vertical spillover effect than ever 

before as they grow more complex supply chains (Marucheck et al. 2011). Unfortunately, mechanism 

behind the vertical spillover effect of crisis is uninvestigated.   

Further on, to attenuate the negative impact caused by crisis, firms often take immediate actions to 

signal responsive information to the market (Chen et al. 1992). In the above case, Husi Foods 

apologized to the public and took full responsibility through news media channel. Undoubtedly, these 

responsive actions should have a positive effect on crisis-stricken firms (Coombs 1995). However, it 

remains unclear whether and how responsive actions by firms in crisis could spillover vertically and 

affect their supply chain partners. Based on social comparison theory, people might forgive supply 

chain partners as they forgive the crisis-stricken firms, i.e., affiliation effect. On the other hand, when 

the public understand the firms in crisis, they might scapegoat supply chain partners to express and 

transfer anger, i.e., contrast effect. Therefore, this paper attempts to explore which effect plays a 

dominating role under the context of vertical spillover process when crisis-stricken firms take 

responsive actions. 

We also investigate how responsive actions by crisis-stricken firms could impact their supply chain 

partners. We argue that word-of-mouth (WOM) plays a major role during the spillover process. With 

the advent of social media, people get informed and share opinions with each other easily and quickly 

(Majchrzak 2009; Xu and Zhang 2013). The user-generated content (UGC) about the responsive 

actions, not only affects the firms in crisis, but also conveys important information regarding their 

supply chain partners. For example, following the outbreak of Foxconn scandal in 2012, Apple Inc. 

was mentioned and accused frequently online. Although the responsive action taken by Foxconn 

saved its own reputation, it didn’t work for Apple at all, whose stock price reduced 5% quickly 

(StockRiters 2012). As the direct reflection of public perception, the exposure, exaggeration, and 

extremalization of WOM during the crisis strengthen the vertical spillover effect (Cheung et al. 2009), 
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leading to changes in stock market for all associated firms (Dixon et al. 2013). So, we argue that 

WOM mediates the relationship between stricken firms’ responsive actions and supply chain partners’ 

market performance. 

In summary, this paper addresses the spillover effect of the stricken companies’ responsive actions 

on its supply chain partners under crisis. Particularly, we try to answer two research questions: (1) 

Whether responsive actions by crisis-stricken firms affect their supply chain partners’ stock 

performance? Is the spillover effect positive or negative? (2) How does the spillover effect work? 

Does WOM mediate the relationship between stricken company’s responsive actions and 

supply chain partners’ stock performance? Using a longitudinal dataset from multi-sources, we 

find that the number of responsive actions imposes weak negative effect on supply chain partners’ 

stock performance, but the consistency of responsive action has a strong positive effect. More 

interestingly, valence of WOM mediates the relationship between consistency of responsive actions 

and supply chain partners’ stock performance.  

This paper contributes to extant literature in several ways. First, while the effectiveness of responsive 

actions on focal companies has been discussed in literature (Huang et al. 2005; Jin et al. 2011), scant 

work has dealt with how action pattern could affect supply chain partners. Second, because 

cooperation and competition coexist in supply chains, the spillover effect of responsive actions could 

be either positive or negative based on social comparison theory. Our results show how this double-

edged effect works during the post-crisis period. Third, the study enriches our understanding of the 

role of WOM in financial market. WOM has long been considered powerful in predicting stock price 

(Oh and Sheng 2011; Zavyalova et al. 2012). However, almost none research has mentioned the 

spillover effect of WOM, that is, WOM about one firm can spillover and impact the performance of 

another firm. Our results also have important practical implications for both investors and managers. 

 

2. Related Literature and Hypotheses 
We theorize that responsive actions of crisis-stricken firm will spill over to impact its supply chain 

partners, and WOM mediates their inner relationship during the process (Figure 1).  

Figure 1: Theoretical Model 

 

2.1 Crisis, responsive actions and partner performance 

A crisis is defined as a high-impact event that threatens the viability of the organization (Pearson and 

Clair 1998). While crisis strikes one firm directly, its impact can spillover to other firms, extent of 

which largely depends on how the stricken firm reacts to the crisis. Crisis responsive actions vary 

from defensive to accommodative. Defensive strategies deflect crisis responsibility; while 

accommodative strategies emphasize image repair (Coombs 1998; Coombs and Holladay 2005). 

Previous work has shed light on the effectiveness of different actions on stricken firm (Huang et al. 

2005; Jin et al. 2011). We further argue that such impact of responsive actions will spill over to supply 

chain partners. When crisis hits, uninformed investors are uncertain about the cause, so they tend to 

make judgments based on association and proximity (Gao et al. 2013; Yu et al. 2008). Clear and 
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understandable supply chain partnership enables investors to make such association. Consequently, 

market will interpret the attitude of the stricken firm, signaled by its responsive actions, as the one 

of its partners. The above logic implies that stricken firm’s actions could impose an impact on its 

supply chain partners. 

In this paper, we focus on two aspects of action pattern, action volume and action consistency, rather 

than individual action because firms usually take a portfolio of responsive actions. Action volume, 

defined as number of actions, could lead to both positive and negative spillover effect. On one hand, 

high action volume signals that crisis-stricken firm is trying best to make up for the mistake, leaving 

a positive impression on the public. Supply chain partners might benefit from it since the public 

perceives them closely related to crisis-stricken firms. On the other hand, high action volume attracts 

more attention, exposing supply chain partners more under public scrutiny. As crisis-stricken firms 

are taking positive actions to mitigate negative effect, supply chain partners might be held 

accountable for the crisis. Therefore, we propose H1a and H1b. Action consistency captures the 

variation across different categories of actions. It has been argued that it is important for a firm to 

select a few key strategic processes with simple rules to succeed in a high-velocity environment 

(Eisenhardt and Sull 2001; Wirtz et al. 2007). Maintaining a simple portfolio of actions makes the 

responsive information more understandable and clear, which could facilitate information processing 

by external investors. They will generate less WOM about it with less uncertainty about the crisis. 

Thus, with clear information, market tends to hold positive attitude toward stricken firm and its 

supply chain partners. So, positive spillover effect dominates, leading to higher investor valuation 

(Rindova et al. 2010). Therefore, we arrive at H2. 

H1a: Action volume of crisis-stricken firm increases financial performance of its partners. 

H1b: Action volume of crisis-stricken firm decreases financial performance of its partners. 

H2: Action consistency of crisis-stricken firm increases financial performance of its partners. 

 

2.2 Responsive actions and WOM 

With the popularity of Web 2.0, people express their opinions in social media freely, which directly 

reflect the real public perception. In other words, crisis responsive actions can affect public 

perception to firms through the way of WOM.  

More actions lead to greater impact and faster spread of the crisis, facilitating public discussion and 

information exchange in social media. In addition, more actions convey a positive signal that the 

crisis-stricken firm is trying best to make up for the mistake, mitigating negative impact. Therefore, 

we have hypothesis H3a and H3b. On the other hand, action consistency facilitates the way the public 

processes the information. Consequently, the volume of WOM would decrease since it is unnecessary 

to have more discussion or speculation. Furthermore, when crisis-stricken firms take more distinct 

actions, people are more likely to interpret it as avoiding responsibility and form a negative 

impression on the firm. Such negative impression would be amplified through WOM in social media. 

Therefore, we propose hypothesis H4a and H4b.  

H3a: Action volume of crisis-stricken firm and WOM volume are positively related. 

H3b: Action volume of crisis-stricken firm and WOM valence are positively related. 

H4a: Action consistency of crisis-stricken firm and WOM volume are negatively related. 

H4b: Action consistency of crisis-stricken firm and WOM valence are positively related. 

 

2.3 WOM and partner performance 

Besides traditional quantitative information, like financial report, WOM in social media has grown 

as a key source of qualitative information for investors to make decisions (Gu et al. 2007; Tetlock et 

al. 2008; Xu and Zhang 2013). In fact, online WOMs are more likely to implicate related firms for 

the following two reasons. First, firm boundary is no longer a constraint in social media (Ferguson 
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et al. 2000). people can say anything they want with an extremely negative emotion, and even 

mention related firms. Second, in an ambiguous context like crisis (Payne and Davidson 2008), 

investors are confused with the crisis origin and whom to blame. Consequently, they tend to 

scapegoat related firms, among which supply chain partners are the most likely ones due to their 

clear connection to the firms in crisis (Klein and Dawar 2004; Payne and Davidson 2008). Higher 

WOM volume increases the chance that supply chain partners will be implicated in the crisis, thus 

incurring a negative impact on their stock performance. Therefore we propose hypothesis H5a. On 

the other hand, WOM valence also influences stock market since valence reflects the public belief 

and attitude toward firms (Bollen et al. 2011, Sabherwal et al. 2011). Following the outbreak of crisis, 

WOM is usually negative and such negative valence is contagious. Since supply chain partnership is 

a clear contractual relationship, negative WOM is highly likely to spill over to supply chain partners. 

Gao et al. (2012) points out that crisis lower the credibility of all partners along the supply chain, and 

evolve into the condemnation on the whole supply chain. Therefore, we have hypothesis H5b. 

H5a: WOM volume and financial performance of partners is negatively related. 

H5b: WOM valence and financial performance of partners is positively related. 

 

3. Data and Methodology 
We test our hypotheses using a merged, multi-sources, longitudinal dataset from 2011-2015. From 

Business, a widely recognized magazine in China, we identified high-impact negative crisis. Then, 

from major search engines, Baidu and Google, and leading social media, Sina Microblog, we 

obtained news reports and WOM regarding the crisis. From Capital IQ database, we have collected 

financial information of both stricken company and its supply chain partners. 

The dependent variable of interested is abnormal return (AR) of supply chain partners. We calculate 

abnormal returns as difference between actual return and expected return using market return as 

benchmark model. The independent variables are action volume and action consistency. We obtain 

the data of responsive actions from news report manually. Consistent with Coombs (1998), we 

categorize stricken firm’s actions into: attacking the accuser, denial, excuse, justification, ingratiation, 

corrective action and full apology, from the most defensive to the most accommodative. Then, action 

consistency is measured using a Herfindahl index (HI) in one day. A high level of HI indicates that 

company chooses from a narrow range of different actions. Mediating variables are WOM volume 

and WOM valence. Control variables include firm size, book-to-market ratio and abnormal return of 

crisis-stricken firms. 

 

4. Results and Discussion 
Table 1 illustrates our data analysis results (we didn’t show the coefficients of control variables due 

to page limit). We support H1b, H2, H3a, H4a, H4b, H5b and also the mediating effect of WOM 

valence. In specific, action volume increases WOM volume but decreases WOM valence (although 

significant but approach 0) at the same time. Therefore, both positive and negative spillover effect 

work when crisis-stricken firm take more actions, which jointly lead to a weak negative effect on the 

performance of supply chain partners. On the contrary, action consistency reduces WOM volume 

and improves WOM valence, thus increases stock performance of supply chain partners significantly. 

This result indicates that, compared to simply higher volume of actions, more clear and consistent 

actions are considered as more positive signals. Investors thus can form more positive belief and 

attitude toward supply chain partners. Besides, the relationship between WOM and stock 

performance of supply chain partners suggest that WOM valence does spillover to supply chain 

partners. However, WOM volume does not show a significant impact. A plausible reason is that 

investors may pay more attention to the content of WOM rather than the general amount of WOM. 

Finally, we reveal the mediating role of WOM valence between action consistency and stock 
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performance based on Sobel Test (Baron & Kenny 1986).  

Table 1. Panel Data Regression Results 

 Model 1 Model 2 Model 3 

    DV 

IV WOM_VO WOM_VA AR_SC 

AC_VO 
0.134*** 

(0.002) 

-0.009*** 

(0.0016) 

-0.014** 

(0.007) 

AC_SIM 
-0.186*** 

(0.037) 

0.290*** 

(0.026) 

0.210* 

(0.120) 

WOM_VO    
0.239 

(0.163) 

WOM_VA   
0.517** 

(0.228) 

R2 34.06% 60.71% 44.45% 

F 值 62.25*** 186.21*** 22.49*** 

Notes. Panel data regression with fixed effect; Numbers in parentheses are standard errors.  

*Significant at 10%; **significant at 5%; ***significant at 1%. 

 

In conclusion, the paper attempts to explore the vertical spillover effect of responsive actions by 

stricken firms to their supply chain partners. We also demonstrate the mediating role of WOM during 

the spillover process. Responsive actions obtained from news report reveals crisis-stricken firms’ 

approach to address crisis. Such information, affects public perception toward both stricken firms 

and related firms, and later generates amounts of WOM in social media. Overall, our findings lend 

support to the vertical spillover in supply chain partnership after the post-crisis responsive actions, 

and such spillover is mediated by online WOM. 
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Abstract 
 

Mobile application market shows an unprecedented prospect. This research examines the impact of 

mobile app development on firm equity value. We hypothesize that mobile app launch is positively 

related to firm equity value in the short term, and mobile app performance will be priced into firm 

equity value in the long term. Our research provides important managerial implications for 

companies that plan to enter the mobile app market. 

  

Keywords: Mobile app, Firm equity value, Business strategy, Event study 

 

1. Introduction 
With the increasing popularity of smartphones and tablets, the mobile app market is growing fast in 

recent years. By 2017, mobile app downloads will be over 268 billion, and mobile apps may generate 

over $77 billion worth of revenue1.  Companies are rushing into the mobile market by creating 

mobile apps for their customers. Nearly 2 million apps are available for both Google Android and 

Apple iOS users worldwide2. However, most apps do not attract many users. A quarter of mobile 

apps were abandoned only after one single use in 20153. In other words, despite its rapid growth, the 

mobile app market is also very competitive. Before entering the mobile app market, executives 

should carefully consider the potential benefits and costs of developing a mobile app and evaluate 

how this decision would influence the company’s financial performance.  

 

It is ex ante unclear whether launching a mobile app will be perceived positively by investors. Prior 

studies on the effect of IT investments and initiatives provide some support for this problem. 

Intuitively, getting into the mobile market can be a great opportunity for companies to further expand 

their business. As investors search everything available to assess a company’s future financial 

performance, launching mobile apps may be considered as a positive event to investors. However, 

in the age of "information explosion", it is not clear if investors pay their limited attentions to the app 

market due to potential behavioral biases. In addition, the chance of creating a ‘killer app’ is generally 

low because of the fierce competition in this market. A mediocre app performance will not impress 

investors, or may even underrate the true value of firm’s equity. Therefore, the effect of launching a 

new mobile app on firm equity value is unknown, and it should be empirically tested. 

Moreover, if the launch of a mobile app is indeed value-relevant, does it increase firm equity value 

in the long term? A popular mobile app represents a company’s success in engaging with their 

customers. The continued success of a mobile app will likely contribute to a company’s financial 

                                                 
1 https://www.entrepreneur.com/article/236832 
2 https://www.statista.com/statistics/276623/number-of-apps-available-in-leading-app-stores/ 
3 http://tech.thaivisa.com/app-retention/11662/ 
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performance over time. It would be interesting to quantify such effect to help company executives 

evaluate the importance of adopting a mobile strategy.  

 

In this research, we will investigate the impact of mobile apps on firm equity value both in the short 

and long run. The rest of the paper is organized as follows: we begin with a brief literature review 

and then develop our two hypotheses. Next, we describe our dataset and introduce our research 

design for hypothesis testing. We conclude by outlining potential results and our future work. 

 

2. Theoretical Background and Hypotheses 
In an efficient market, stock prices are able to instantly reflect new information (Fama 1970). 

Investors seek as much value-relevant information as possible before making trades. The launch of 

a mobile app partially reflects a firm’s business strategy. Prior literature has shown that digital 

business strategies such as social media (Luo, Zhang and Duan 2013), Internet channel (Geyskens, 

Gielens and Dekimpe 2002) and other IT investment (Saunders and Brynjolfsson 2016) do affect 

firm equity value.4 Those events trigger a higher expectation of firm performance and boost stock 

prices.  

 

With the increasing smartphone and tablet penetration rates, mobile applications act as an 

irreplaceable intermediary connecting customers with firms. With a relatively low cost and a 

potentially high profitability, mobile apps help firms expand their market and enhance customer 

loyalty. Xu et al. (2014) found that the mobile app increases the demand of a company’s 

corresponding mobile website significantly in the media industry. Therefore, we hypothesize that 

releasing a mobile app will be beneficial for firm equity value.  

 

H1. The launch of a mobile app has a positive effect on firm equity value. 

 

In the long run, as part of firms’ IT intangible asset (Lev 2000), a widely adopted mobile app could 

offer much unique and credible information about customers that support business decision making. 

For example, the location-based information could be used to target potential customers for 

advertising. However, a mediocre app without many users may not be that useful. Prior literature 

suggests that IT related intangible assets could contribute to the market value of firms (Saunders and 

Brynjolfsson 2016) and future business opportunities (Gao and Hitt 2012). Therefore, mobile app 

performance may play an important role for firm development and market value. Moreover, customer 

satisfaction has a strong impact on stock returns (Aksoy et al. 2008) and stock returns risk (Tuli and 

Bharadwaj 2009). Thus, we propose the following hypothesis. 

H2. Mobile app performance has a positive effect on firm equity value in the long run. 

 

3. Data and Variables 
In this study, we select Apple App Store to collect mobile app information for two reasons. First, 

there is only one mobile application store for the iOS platform. In contrast, many alternative Android 

app stores exist, and users have their preference in choosing an Android app store. It would be biased 

to use one Android app store to represent the whole Android app market, but collecting information 

from all of them is difficult, if not impossible. Second, large companies have sufficient resources to 

develop an app for both iOS and Android, but mobile app developers tend to release an app on iOS 

                                                 
4 There are many studies that utilize the event study approach to study the effect of various events on stock returns. 

Here we only name a few as examples. 
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first5. Because we want to examine the impact of launching a mobile app on firm equity value, it 

would be better to collect information from the Apple App Store whose apps typically have an earlier 

release date.  

 

Figure 1 illustrates the information available on the Apple App Store for an app. The information we 

collect include app name, publish date, version, app description, customer ratings, and so on.  

 

Figure 1.  Screen Shot of Apple App Store 

 

We collect data for all mobile apps released for the US market on Apple App store from November 

1, 2016 to November 4, 2016. There are nearly 1.5 million mobile applications at the time of data 

collection. By matching with the list of public firms, we identify 404 public firms that have developed 

at least one app until November 2016. Daily firm level market data are collected from multiple 

sources including CRSP, COMPUSTAT, Yahoo Finance, and Nasdaq in the period of from July 10, 

2008 to January 25, 2017.  

 

Dependent Variable. We use stock return and abnormal stock return as measures of firm equity 

value. In this study, we obtain daily equity values of the firms included in our sample to calculate 

stock return and abnormal stock return.  

 

Independent Variable. Mobile app performance is measured by the average rating and the number 

of ratings, considering that both the level and volume of ratings affect stock returns (Gu et al. 2011, 

Luo, Zhang and Duan 2013). We define the level of ratings as the average rating score across all 

versions for an app, and the volume of ratings as the total number of ratings.  

 

Control Variables. In the long run, many factors could be confounding factors in detecting the 

relationship between mobile app performance and firm equity value. Therefore, besides adopting the 

five-factor asset pricing model (Fama and French 2015), we plan to add more control variables to 

alleviate omitted variable biases, e.g. the release dates of mobile apps, version update frequency, 

number of mobile apps, and so on. 

 

                                                 
5 http://www.idigitaltimes.com/ios-vs-android-why-do-developers-release-mobile-apps-iphone-ipad-first-371606 
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4. Model Specification 
To test our hypotheses, we begin by employing the event study methodology (MacKinlay 1997, 

Geyskens, Gielens and Dekimpe 2002) to assess the impact of launching a mobile app on firm equity 

value. Then, by following the five-factor model, we use app level data to analyze the influence of 

mobile app performance on firm equity value in the long run. 

 

4.1 Five-factor model 

Fama and French (2015) extend the FF three-factor model (Fama and French 1993) by capturing the 

profitability effect and investment effect on stock returns. In our study, employing the five-factor 

model has two advantages. First, compared with alternative models, like CAPM or three-factor 

model, five-factor model has a relatively better performance. Second, we plan to examine the 

relationship between mobile app performance and firm equity value in the long run, and the effects 

of investment and profitability cannot be ignored particularly in the long run. Below is the basic five-

factor model. 

𝑅𝑒𝑡𝑢𝑟𝑛𝑖𝑡  =  𝛼 + 𝛽1𝑅𝑒𝑡𝑢𝑟𝑛𝑀𝑎𝑟𝑘𝑒𝑡𝑡 + 𝛽2𝑆𝑀𝐵𝑡 + 𝛽3𝐻𝑀𝐿𝑡 + 𝛽4𝑅𝑀𝑊𝑡  +  𝛽5𝐶𝑀𝐴𝑡 + 휀𝑖𝑡 
All variables follow the definitions in Fama and French (2015). 

 

4.2 Short-term Effect of Mobile App Launch  

We would like to explore the short-term effect first. We define abnormal stock return as follows: 

𝐴𝑅𝑖𝑡  =  𝑅𝑒𝑡𝑢𝑟𝑛𝑖𝑡  –  𝐸(𝑅𝑒𝑡𝑢𝑟𝑛𝑖𝑡) 

𝐸(𝑅𝑒𝑡𝑢𝑟𝑛𝑖𝑡) = 𝛼�̂� + 𝛽1�̂�𝑅𝑒𝑡𝑢𝑟𝑛𝑀𝑎𝑟𝑘𝑒𝑡𝑡 + 𝛽2�̂�𝑆𝑀𝐵𝑡 + 𝛽3�̂�𝐻𝑀𝐿𝑡 + 𝛽4�̂�𝑅𝑀𝑊𝑡  + 𝛽5�̂�𝐶𝑀𝐴𝑡 
In the equation, the coefficients in the expected return model could be estimated by using data prior 

to the date of mobile app launch. Then we can calculate the expected return and abnormal return of 

each firm at time 𝑡. Next, We use the average abnormal return as follows: 

𝐴𝑅𝑡̅̅ ̅̅ ̅  =  
1

𝑁
∑𝐴𝑅𝑖𝑡

𝑁

𝑖=1

. 

We employ the event study approach (MacKinlay 1997, Geyskens, Gielens and Dekimpe 2002) to 

examine the impact of mobile app launch on the value of the firm’s equity. Under the null hypothesis, 

the 𝐴𝑅𝑡̅̅ ̅̅ ̅ should be normally distributed with a zero mean and variance 𝑣𝑎𝑟(𝐴𝑅𝑡)̅̅ ̅̅ ̅̅ .  

𝐴𝑅𝑡̅̅ ̅̅ ̅ ~𝑁(0, 𝑣𝑎𝑟(𝐴𝑅𝑡)̅̅ ̅̅ ̅̅ ) 
The testing result of Hypothesis 1 informs us whether mobile app launch affects firm equity value. 

 

4.3 Long-term Effect of Mobile App Performance 

In order to detect the long-term effect of mobile app performance on firm equity value, we turn to 

the following regression framework based on the five-factor model. Average rating and the number 

of ratings measure an app’s performance. Besides, we propose to add more control variables to 

account for confounding factors and address omitted variable bias. 

𝑅𝑒𝑡𝑢𝑟𝑛𝑖𝑡  =  𝛼 + 𝛽1𝑅𝑒𝑡𝑢𝑟𝑛𝑀𝑎𝑟𝑘𝑒𝑡𝑡  +  𝛽2𝑆𝑀𝐵𝑡 + 𝛽3𝐻𝑀𝐿𝑡 + 𝛽4𝑅𝑀𝑊𝑡  +  𝛽5𝐶𝑀𝐴𝑡    
+ 𝛽6𝐴𝑝𝑝𝑁𝑢𝑚𝑖𝑡 + 𝛽7 𝐴𝑟𝑔𝑅𝑎𝑡𝑖𝑛𝑔𝑖𝑡  +  𝛽8𝑅𝑎𝑡𝑖𝑛𝑔𝐶𝑜𝑢𝑛𝑡𝑖𝑡
+ 𝛽9 𝐴𝑟𝑔𝑅𝑎𝑡𝑖𝑛𝑔𝑖𝑡 ×𝑅𝑎𝑡𝑖𝑛𝑔𝐶𝑜𝑢𝑛𝑡𝑖𝑡 +  + 𝛽10𝐶𝑜𝑛𝑡𝑟𝑜𝑙 +  휀𝑖𝑡 

𝐴𝑟𝑔𝑅𝑎𝑡𝑖𝑛𝑔𝑖𝑡is the average rating of mobile apps belonging to firm 𝑖 at time 𝑡,  

𝑅𝑎𝑡𝑖𝑛𝑔𝐶𝑜𝑢𝑛𝑡𝑖𝑡is the aggregate number of ratings received by firm 𝑖’ apps at time 𝑡, Control denotes 

other potential confounding factors, and 휀𝑖𝑡 is the error term. 

 

4. Potential Results 
In terms of the short-term effect of mobile app launch, we expect that launching a mobile app would 

increase the stock return. However, most apps were developed in 2008. At that time, smartphones 
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just started to gain popularity. It is possible that investors might not be so excited about the launch 

of a mobile app. We would conduct some robustness tests to address this issue. We also expect that 

a mobile app with a higher rating or more ratings would lead to higher stock returns. If so, companies 

should consider the potential impact on stock market when entering the mobile market and pursuing 

a mobile strategy. We acknowledge that it is difficult to account for all confounding factors in the 

long run, so more data on control variables need to be collected.  

 

5. Conclusion 
This paper aims to examine the impact of mobile app launch and performance on firm equity value. 

We employ the event study methodology and use the five-factor model to conduct our analyses. The 

findings of this study would be valuable for both investors and company executives. 
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Abstract 

Chronic diseases, such as heart disease, cancer, and diabetes, are among the most common, costly, 

and preventable of all health problems. Empowering patients with self-care knowledge can improve 

chronic disease management. YouTube has been proven as an effective platform for sharing self- 

care knowledge. Due to the heterogeneity of user-generated videos, the helpfulness of self-care 

videos varies significantly. It is critical for health video search systems to provide patients with 

easy access to helpful medical knowledge and avoid false health information. Motivated by the need 

for better health video search performance on video content sharing social media platforms, we 

propose to develop a research framework using Recursive Neural Network, a leading deep learning 

architecture, for medical knowledge extraction from video sharing social media site. This research 

make contributions to the literature by extending Recursive Neural Network model to medical 

knowledge extraction and improving video search accuracy with semantic knowledge. 

 

Keywords: patient self-care, chronic disease management, social media, video search, deep  

learning 
 

1. Introduction 

Chronic diseases and conditions, such as heart disease, cancer, and diabetes, are among the most 

com- mon, costly, and preventable of all health problems (WHO 2013). As of 2012, 117 million 

people in US have one or more chronic health conditions, costing 84% of all health care spending 

(Riegel et al. 2012). Support for self-care is increasingly viewed as a core component of the 

management of chronic conditions (Kennedy et al. 2007). Self-care is defined as the ability of 

individuals, families and com- munities to promote health, prevent disease, and maintain health and 

to cope with illness and disability with or without the support of a health-care provider (WHO 2013). 

Research shows that conditions of these diseases can be significantly improved through self-care 

(Naughton et al. 2014). However, only 12% of the US population is considered to be proficient in 

health literacy (Hernandez-Tejada et al. 2012). 

 

Social media brings a new dimension to healthcare as it offers the public, patients, and health profes- 

sionals a medium to communicate about health issues with the possibility of improving health 

outcomes (Moorhead et al. 2013). The most common intended use of social media in the healthcare 

context is for self-care (Hamm et al. 2013). Video sharing websites, such as YouTube, have been 

proven as an effec- tive platform for sharing self-care knowledge. In particular, the visual nature of 

video content bridges this health literacy and knowledge gap more efficiently compared to text-

based materials (Vance et al. 2009). However, in practice, video search is considered to be the most 

inferior among all types of searches and only limited to title. 

 

To address this issue, the most important job is to identify medical knowledge from the videos, and 

consequently provide more helpful video search results. Medical knowledge of the video is often 

embedded in the video description text as medical entities and semantic meaning between medical 
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entities. Different approaches have been developed to extract semantic relations from text including 

supervised learning approaches, and deep learning approaches. Recent development in deep 

learning model has surpassed all the existing supervised learning methods in semantic relation 

extraction shared task (Socher et al. 2012). Motivated by the need for better health video search 

performance on video content sharing social media platforms, we propose to develop a research 

framework using Recursive Neural Network (RNN), a leading deep learning architecture, for 

medical knowledge extraction from user-generated content on video sharing social media site. This 

research will make contributions to the literature by extending Recursive Neural Network model to 

medical knowledge extraction and improving video search with semantic knowledge. Our research 

may contribute to the current public health practices by promoting high quality self-care to chronic 

disease patients. 

 

2. Research Context 

The platform on which we wish to study the healthcare video search performance is YouTube, the 

world’s largest video sharing site and the second largest search engine in terms of usage. It provides  

a platform bringing together healthcare practitioners, public health organizations, and patients to 

con- tribute health related videos. These videos include both patient personal experiences and 

clinicians professional treatment demonstration (Pant et al. 2012). We propose to conduct our 

analysis in the case of Diabetes. Diabetes affects 25.8 million people, or 8.3% of the American 

population. It is among the most manageable chronic diseases. Proper patient education about self-

care can effectively improve clinical outcomes and quality of life. However, it is difficult to search 

for helpful videos because of nature of noisy social media user-generated content. 

Figure 1. Top 5 search results from YouTube about “cure for diabetes” 

 

Figure 1 shows an example of search results for “cure for diabetes” on YouTube. From the top 5 

results, we observed that most of them are from unofficial channels. The first result contains biased 

opinions against doctors. The second and third results are commercials of diabetes treatments. The 

fifth video claims diabetes can be cured in 72 hours, which is false health information. The top 

ranked video search results for this particular query are not very helpful for patients. In this study, 

we propose to develop a video search system for diabetes patients using user-generated content 

from YouTube. Our system aims to improve YouTube health video search by providing helpful and 
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high relevance videos using the state-of-the-art deep learning methods. 

3. Research Methodology 

Our research framework are composed of four major components: data collection, medical relation 

identification, deep learning based relation extraction and evaluation. 

 

First, we develop a data collection process with Google data API to access the video meta-data. 

Video search keywords come from popular online health community DailyStrength 

(dailystrength.org), Dia- betes Expert Answers forum. DailyStrength is a one of the most popular 

health social media platforms. In the Diabetes Expert Answers forum, patients ask questions about 

diabetes management and preven- tion. Answers are provided by certified medical experts. The 

information need on the forum can reflect patients’ search behavior on other social media sites. We 

fetch top 100 videos for each search query and store the video ranking and video meta-data into 

database for further analysis. In this study, we focus on mining the descriptive text of videos for 

medical knowledge extraction. 

 

Second, to identify the medical relations that are important for patients self-care, we survey the 

prior literature regarding what clinical questions usually are asked from patients. Four areas of 

medical knowledge are often sought by patients including therapy (select treatments, taking 

consideration of effectiveness, cost, and prevention), diagnosis (differential diagnosis based on 

findings and lab tests), etiology (identify the factors that cause the disease), and prognosis (estimate 

the patient’s likely course over time) (Demner-Fushman and Lin 2007). Another independent study 

evaluated 5000 questions collected from physicians (Wang and Fan 2014). This set includes 

questions about diseases, treatments, and lab tests. 15% of these questions asked about treatments, 

preventions, or contraindicated drugs for a disease, 4% are about diagnosis tests, 6% are about the 

cause of disease, 1% are about the location of a disease, 25% are about the symptoms of a disease, 

8% are asking for definitions, 7% are about guidelines, and the remaining 34% questions either 

express no relations or some relations that are not very popular. 

 

Based on the analysis in prior studies, we decide to focus on seven key relations in the medical do- 

main, which are described in the Table 1. To compare the medical knowledge extracted social media 

with medical expert knowledge, we also align the relation type with corresponding relation sources 

in Unified Medical Language System (UMLS), which is a medical knowledge base maintained by 

Na- tional Library of Medicine. The most well-known tool to detect medical entity mentions is 

MetaMap (Aronson 2001), which considers all terms as entities and automatically associates each 

term with a number of concepts from UMLS dictionary. We use the semantic types defined in UMLS 

to categorize argument types (Lindberg et al. 1993). Sentences with argument types matching the 

relations in Table 1 will be stored for relation extraction. 

 
Relation Argument 1 Argument 2 UMLS Sources Example 
treats disease treatments may-treat, treats [Metformin] treats [Type II 

diabetes]. prevents disease treatments may-prevent [Lipitor] prevents [heart disease]. 
contraindicate

s 

disease treatments contraindicated-

drug 

Patients with [kidney problems] 

should     avoid [Actos]. 
diagnoses disease tests may-diagnose [HbA1C] test can be used to 

diagnose     [diabetes]. 
causes treatment symptoms causes-of [Lantus] causes [rash]. 
location-of disease locations has-finding-site [Bladder] [cancer] 
symptom-of disease symptoms disease-has-

finding 

[Diabetes] causes 

[hypoglycemia]. Table 1. Key medical relations, their arguments, and UMLS sources 
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Third, to detect semantic relations in video meta-data, we propose to develop a matrix-vector 

recursive neural network (RNN) based model for relation extraction. Among all the recursive neural 

network model, matrix-vector RNN has been applied to relation extraction task.     It surpasses 

all the existing supervised learning methods with complex manually designed feature sets in the 

SemEval-10 relation extraction shared task (Socher et al. 2012). 

 

MV-RNN learns how a syntactic context composes an aggregate meaning of the semantic 

relationships between words. This task requires the ability to deal with sequences of words of 

arbitrary type and length in between the two entities in sentences. Figure 2 explains our method for 

medical relation extraction. Part of the sentence “inhaled insulin causes coughing” implies a “causes” 

relation between the treatment (“inhaled insulin”) and the symptom (“coughing”). We first find the 

path in the parse tree between the two words whose relation we want to classify. We then select the 

highest node of the path and classify the relationship using that node’s vector as features. We apply 

the MV-RNN model to the subtree spanned by the two words. Our study is also one of the first to 

explore the features for extracting medical relations with deep learning models. 

 

In medical domain, medical entity types and entity categories are important domain knowledge for 

us to determine the relation type. In this study, we propose to add part-of-speech tags, medical entity 

tags and semantic types of all the words generated by MetaMap in sentences to the MV-RNN vector 

and train the model to increase the performance. 

 

We propose the following combination function to compute the Matrix-Vector of parent node given 

the Matrix-Vector of child nodes: 

 

 

 

 

where A, B are matrices for single words (e.g.,“inhaled” and “insulin” in Figure 2), a, b are word 

vectors for single words, p is the matrix-vector for patient of word “inhaled” and “insulin”. the 

global W∈ Rn×2n  is a matrix that maps both transformed word back into the same n−dimensional  

space. The element-wise function g is the sigmoid function. 

 

Let θ = (W, WM , W label, L, LM ) be our model parameters and λ a vector with regularization hyper- 

parameters for all model parameters. L and LM are the sets of all word vectors and word matrices. 

The gradient of the overall objective function J becomes: 

 

 

 

 

To compute this gradient, we first compute (pi, Pi) for all nodes from the bottom-up and take 

deriva- tives of the softmax classifiers at each node in the tree from the top down. 

 

Fourth, to evaluate our method’s performance, we create a labeled dataset for training and testing. 

1000 sentences with at one disease name and one treatment name for each relation are randomly 

se- lected to construct a gold standard labeled dataset. Two research associates labeled the data. 

Among them, disease and treatment present “Treats” relation in 474 sentences, present “prevents” 

in 129 sen- tences, present “contraindicates” in 67 instances and remain unrelated in 330 sentences. 
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We use a cross-validation test with labeled data to compare our approach against SVM with 

shortest depen- dency kernel. We apply a 5-fold cross-validation. The precision, recall, and f-

measures are reported for average of all 5 rounds. Bootstrapping resampling technique is used to 

conduct the significance test. We randomly create 10,000 samples with 40 instances in each and 

compared the best performing baseline model with deep learning model on the resampled dataset. 

 

Figure 2. The MV-RNN learns vectors in the path connecting two words (dashed lines) to 

determine their medical relation. 

 
Approach Precision Recall F-measure 

SVM (baseline) 64.8% 72.7% 68.6% 
Matrix-vector deep learning (our method) 72.5%* 73.4%* 72.9%* 

*: p < 0.05    

 

Table 2. Key medical relations, their arguments, and UMLS sources 

 

Table 2 shows the precision, recall, and f-measure of two different approaches in the annotated 

dataset. We test the performance on 10,000 samples. The baseline method, SVM with shortest path 

Kernel, achieves a mean precision at 64.8%, while our matrix-vector deep learning model has a mean 

precision at 72.5%. We observe a significant increase in precision compared to SVM based methods. 

For the recall performance, SVM has the mean value at 72.7%, while our deep learning model’s 

mean value is at 73.4%. Our deep learning method is superior to SVM in terms of recall metric, 

although not statistically significant. Among all 10000 test, 95% of the time the matrix-vector model 

performs better than SVM in terms of f-measure, 72.9% vs 68.6%. The difference is statistically 

significant. The improvement made by deep learning model can be attributed to the representation 

learning capability of deep learning methods. Without specify features for learning, it performs 

better than SVM method with lexical and syntactic features between disease and treatment we 

concern. The results suggest that using deep learning approach can extract medical knowledge and 

improve the video search accuracy. 

 

5. Discussion 

Prior studies show that YouTube is of great educational value to chronic disease patients for self-

care. However, video content on social media platforms has misleading information. Proper 

interventions are needed for improving the patient information-seeking efficiency and quality of 

results. We propose to develop a research framework using Recursive Neural Network (RNN), a 

leading deep learning architecture, for medical knowledge extraction from user-generated content 

on video sharing social media sites. 

 

Our study is the first to propose using semantic relation extraction to improve video search quality. 
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Our proposed matrix-vector RNN model will be the first to incorporate deep learning method in 

medical relation extraction in health informatics domain. We will compare and contrast the medical 

knowledge contributed from social media platform users with medical knowledge in existing 

medical ontologies. With the medical knowledge we extract, we can help to improve video search by 

improving the content relevance and filtering the videos delivering contradicted information. 
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Abstract 

The influence of the use of patient-oriented mobile Internet-based health services (MIHS) on the 

electronic word-of-mouth (WOM) of health service agencies is becoming the focus of the academic 

research community. Based on the expectancy-confirmation theory, this study carries out an 

empirical study on the influence of MIHS use on satisfaction, continued use intention, and patients’ 

electronic word-of-mouth. Results show that (1) perceived usefulness, perceived interactivity, 

facilitation conditions, and perceived risk all have a significantly positive influence on the 

anticipation of MIHS’ continued use; (2) the confirmation of MIHS and perceived usefulness have a 

significantly positive influence on patient satisfaction; and (3) both the intention to continue use of 

MIHS and patient satisfaction affect electronic word-of-mouth regarding health service entities 

significantly and positively.  

 

Keywords: Mobile Internet-based health service systems, Patients’ satisfaction, Expectancy-

confirmation theory, Internet medicine, Electronic word-of-mouth. 
 

1. Introduction 
With the advancement of Web 2.0 technologies, the traditional method of understanding disease and 

treatment has changed, and an increasing number of hospitals are providing online to offline 

healthcare service by using an online healthcare platform. Most of the positive word-of-mouth 

(WOM) information is from patients who are satisfied with the healthcare service provided by 

hospitals. Hence, a hospital that wishes to promote WOM should clearly know what factors affect 

patients’ satisfaction and how they enhance patients’ satisfaction. Although pervasively applied in 

practice, the study of the role of MIHS on patients’ satisfaction and WOM has received little attention 

from scholars. In previous studies, researchers have placed primary emphasis on technology use 

behaviour and satisfaction rather than post-satisfaction behaviour, such as continued use and 

WOM(Choi et al. 2011). Obviously, these studies do not examine patients’ post-satisfaction 

behaviour. Additionally, few studies examine the role of MIHS on patients’ satisfaction as well as 

WOM. This research is the first empirical study to examine MIHS’s role in promoting patients’ 

satisfaction, the continued use of MIHS and WOM. It can also provide guidance for researchers and 

practitioners who design and develop these types of systems to support convenient and interactive 

online heath care services.  
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2. Research Hypotheses 
2.1 Post-adoption behaviour: continuous intention and WOM 

IS continuance and WOM were suggested as the primary behavioural outcomes of the post-adoption 

stage. As another form of post-adoption behaviour, WOM is defined as a channel for broadcasting 

product or service information. Consumers often assess WOM information as having greater value 

than information in corporate brochures because it is not provided by the firm and is perceived to be 

more reliable (King et al. 2014). Hence, WOM generally has a powerful influence on consumers’ 

assessment process on products or services, as well as subsequent decision behaviour. Moreover, the 

relationship between WOM and the repurchase intention has been validated in the research contexts 

of marketing, tourism or service management(Choo and Petrick 2014). Few studies explore the 

relationship between WOM behaviour and IS continued use intention (Wang et al. 2013). In addition, 

satisfaction is also one important motivator of WOM behaviour (Chen et al. 2014), and has a 

significant effect on repurchase intention (Kitapci et al. 2014). Hence, the following hypothesis is 

proposed: 

H1: A patient’s satisfaction with MIHS has a significantly positive effect on WOM towards MIHS. 

H2: A patient’s continuous intention to use MIHS has a significantly positive effect on WOM towards 

MIHS. 

2.2 Expectation confirmation theory 

Expectation Confirmation Theory (ECT) is originally developed for research on consumers’ 

behaviour from a marketing perspective. Previous empirical research supports the fact that users’ 

satisfaction is a major factor of IT use continuance intentions(Lin et al. 2005). Performance 

expectancy has been proven to not only have a significant effect on use intention (Wong et al. 2015) 

but also on a user’s perceived usefulness (Li and Liu 2014). MIHS are designed to help patients to 

acquire information and provide feedback to hospital. If the expectation is satisfied by MIHS usage 

practice, confirmation will occur, which may lead to patients’ satisfaction and continued usage. 

Meanwhile, if a patient has used MIHS and her expectations have been confirmed, his or her 

impression on the perceived usefulness of MIHS and satisfaction will be further enhanced. When 

patients think that the MIHS is useful for him to improve the efficiency to see a doctor or the accuracy 

of medical diagnosis, he will be more likely to be satisfied with MIHS and will continue to use it. 

Thus, we have the following hypotheses: 

H3: A patient’s satisfaction with MIHS has a significantly positive effect on the continuous intention 

to use MIHS. 

H4: A patient’s confirmation of MIHS performance expectations has a significantly positive effect 

on his or her satisfaction with MIHS. 

H5: A patient’s confirmation of MIHS performance expectations has a significantly positive effect 

on his or her perceived usefulness of MIHS. 

H6: A patient’s perceived usefulness of MIHS has a significantly positive effect on his or her 

satisfaction with MIHS. 

H7: A patient’s perceived usefulness of MIHS has a significantly positive effect on his or her 

intention to continue use of MIHS. 

2.3 Perceived interactivity 

Some studies investigated how interactivity affects users’ responses towards continuous intention 
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and revealed that perceived interactivity is one of the determinants of continued use. Additionally, 

prior studies also concern the relationship between interactivity and usability and found that 

perceived interactivity is one key determinant of perceived usefulness and user satisfaction (Lee et 

al. 2015). Interactivity is a predominant feature of MIHS, allowing patients to participate or engage 

more in the health care service process. Interactivity includes not only interactions between hospital 

staff, doctors, nurses and patients but also includes interactions or hyperlinking between messages 

or comments and the use of plugins for links to share information. Because interactivity leads to 

jointly produced meaning or outcomes or reliance on judgements of credibility (Kent et al. 2016), 

the users of MIHS benefit, which will facilitate their perception of usefulness and motivate 

continuous intention of use. Hence, we hypothesize: 

H8: Perceived interactivity has a significant positive effect on the perceived usefulness of MIHS. 

H9: Perceived interactivity has a significant positive effect on the continued use intention of MIHS. 

2.4 Facilitating conditions 

The unified theory of acceptance and use of technology (UTAUT) identified facilitating conditions 

as one of determinants that affect users’ behaviour. Prior researchers found that facilitating conditions 

was particularly important among the underprivileged(Hsieh et al. 2008), and also existed and 

fostered the success of dividing initiatives in developing countries (Venkatesh and Sykes 2013). After 

the implementation of MIHS, many hospitals provided various facilitating conditions for patients to 

support the use of MIHS. All these resource- and technology-facilitating conditions allow patients 

feel comfortable, help them be able to manipulate MIHS or have sufficient learning opportunities to 

do so, and encourage their continuous using interactive information technology. Hence, we 

hypothesize: 

H10: Facilitating conditions have a significant positive effect on the continued use intention of MIHS. 

2.5 Perceived risk 

Perceived risk has also been used to understand users' post-adoption or resistance behaviour to IT 

(Li and Huang 2009). From the perspective of the patients, there are several types of risk involved 

with the use of MIHS systems. Compared to the general health service commonly used in an internal 

network in a hospital, MIHS is based on the Internet, and patients can access the platform anytime 

and anywhere. This means that MIHS will face more risks than traditional health services. Moreover, 

MIHS saves a large amount of private information, including the patients’ conditions, their concerns 

and questions, replies from the doctors, and patients’ opinions and comments regarding the service 

from the hospital and doctors. These different aspects of risk are relevant in MIHS continued use. 

Thus, we hypothesize the following: 

H11: Perceived risk has a significant positive effect on the continued use of MIHS. 

3. Research methodology 
Measures for all the variables were taken from previous studies and adapted to the context of 

healthcare. Eight variables were measured in this study. The questionnaire uses Likert scales ranging 

from 1 (strongly disagree) to 7 (strongly agree). To validate the above research model, an empirical 

study was conducted at AN Hospital, a 3-A hospital and one of the largest hospitals in East China. 

This hospital has implemented patient-accessible MIHS, which allows it to provide online to offline 

medical and healthcare services. A multistage iterative process was used for the data collection. The 

questionnaires were randomly distributed to patients in the hospital. A total of 600 questionnaires 

were distributed and 590 questionnaires were returned. After removing invalid questionnaires, we 
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obtained 483 valid questionnaires.  

4. Results 
4.1 Measurement model  

Structural equation modelling with partial least squares (PLS) was used to perform a simultaneous 

evaluation of both the measurement quality and construct interrelationship. We used SmartPLS2.03 

to evaluation. The loadings of all the measured items are above the threshold of 0.7, indicating that 

the observed variables have high convergent validity. The Cronbach’s alphas of the seven constructs 

are all above the recommended criterion of 0.70(Hair et al. 2012),  which shows that the measures 

are internally consistent. The composite reliability values of all the constructs are above 0.85, 

exceeding the cut-off value of 0.70, which indicated adequate internal consistency. The AVE for each 

construct is higher than 0.50. The square root of the AVE for each construct was higher than the 

correlations between the construct and all other constructs, suggesting excellent discriminant validity. 

Thus, all scales of the measurement model demonstrate adequate internal consistency for further 

analysis of the construct model.  

4.2 Structural model  

To determine the statistical significance of the path coefficients, we ran the bootstrapping method 

setting the number of samples at 2000 and the number of cases at 494. A significant coefficient 

reveals a significant relationship between the latent constructs (Fig.1). 

 
Note. Path coefficients with t value in parentheses. ∗p < .05.∗∗p < .01.R2= 

Fig. 1 Model results  

5. Discussions and implications 
We focused on the users’ perceived interactivity and their confirmation of MIHS performance 

expectations and analysed the path model in terms of how these factors affected the users’ perceived 

ease of use and perceived usefulness and then affected the intention to continue using MIHS to further 

improve patients’ satisfaction and enhance WOM behaviour. The empirical results supported all 

research hypotheses and proved the significant impact of the use of MIHS on patients’ WOM 

behaviours. This research may have some implications for academic studies. First, our study 

extended the post-adoption behaviour theory and expectation confirmation theory to the context of 

online and Internet medicine. Second, our study developed a traditional expectation-confirmation 

model by adding perceived interactivity. We explored the positive impact of MIHS’s satisfaction and 

continued use intentions of MIHS on electronic WOM, which could further influence the trust and 

relationships between doctors and patients. Our research could help promote this type of study in 
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theory to further focus on the purpose and effectiveness of IT implementation in depth in the Internet 

medicine era. This research could also benefit hospitals and other healthcare providers. It could 

encourage hospital decision-makers to pay attention to how MIHS plays a role aside from the 

technical deployment of MIHS and focus on the impact of the users’ expectations, perceived risk, 

perceived usefulness and perceived interactivity on the use effect of MIHS. In addition, hospital 

managers should enhance the interactivity functions of MIHS, which is the key factor influencing 

the patients’ perceived usefulness and intention for continuous use. 

6. Conclusions 
This research constructs a comprehensive model to explain the mechanisms of how the features of 

MIHS and users’ experiences affect patients’ satisfaction and intentions to continue use, further 

disseminating WOM. Empirical results showed a significantly positive influence of using MIHS on 

patients’ WOM behaviours. That could promote trust between doctors and patients and improve their 

relationship. Our research has a promotion role in the expanding ECT theory and a guiding role in 

the practice of online healthcare service. 
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Abstract  

We analyze the effects of monetary incentives on physicians’ responses to patients’ questions on two 

large scale online healthcare platforms. One of the platforms introduced monetary incentives for 

physicians’ responses on February 4th, 2013, while the incentive mechanisms of the other platform 

remained unchanged. Using this event as a natural experiment and matching physicians across two 

platforms, we apply a difference-in-difference model to measure the effect of monetary incentives on 

physicians’ responses. Our analysis reveals that monetary incentives lead to an average of 10% 

reduction in physicians’ response to patients’ questions. Our finding indicates that monetary 

incentives crowd out physicians’ intrinsic motivations to respond to patients’ questions.  

 

Keywords: Crowding Out Effect, Monetary Incentive, Online Platform; Healthcare IT  

 

1. Introduction  

Monetary incentives are widely used on online platforms to motivate participation and reward 

contributions. For example, experimental research has found that financial incentives are effective 

in motivating people to write reviews on AirBNB.com (Fradkin et al. 2015), provide in abstract 

feedback on eBay (Cabral and Li 2015) and other online portals , which in turn increases product 

sales ( Pavlou and Wang 2015).  

Despite the positive effects of monetary incentives, the crowding out effect has also been reported 

in a number of studies. The crowding out effect refers to the situation where extrinsic motivation 

provided by monetary incentives reduces or obliterates an individual’s intrinsic or altruistic 

motivation to provide a public good or service (Gneezy et al. 2011b). Titmuss suggested that paying 

for blood donations may reduce a donor’s incentive to donate blood (Titmuss 1970). Frey and 

Oberholzer-Gee (1997) found that financial compensation to host a nuclear waste repository reduced 

local residents’ willingness to accept the repository. Individuals may voluntarily undertake pro-social 

activities, such as improving environmental quality, out of altruism or a concern in social norms 

(Burtch et al. 2016).   

In an online healthcare platform, providing responses to patients’ questions is generally considered 

by physicians as a public service. As such, their behavior is mainly driven by intrinsic motivation. 

Providing monetary incentives in such a context could crowd out their intrinsic motivation and result 

in a lower response rate. Few studies have analyzed the actual effects of such incentives or whether 

they may crowd out participants’ intrinsic motivation. In this study, we attempt to address the 

following research question: What are the effects of monetary incentives on physicians’ responses 

to patients’ questions in terms of quantity and quality?   

We take advantage of an exogenous change in an online health consultation platform, and employ a 

natural experimental research design. On February 4th, 2013, an online healthcare platform, 
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henceforth referred to as the “treatment” platform, introduced a monetary incentive to encourage 

physicians to contribute more responses to patients’ questions. Moreover, the change only affected 

the online consultation function. The change was not adopted on a competing health consultation 

platform (henceforth “the control platform”). We use a difference-in-difference approach to compare 

online consultation activities of the same physician across the two platforms before and after a 

treatment. We find that providing monetary incentives in such a context could crowd out their 

intrinsic motivation and result in lower response rates both in quantity and quality.   

 

2. Literature Review  

2.1 Monetary Incentives for physicians  
Monetary incentives are frequently used as an extrinsic motivation to encourage contribution. The 

effects of monetary incentives have been found to result in mixed effects on efforts and performance 

(Liu Y 2016; Pavlou and Wang 2015).  While the microeconomic theory suggests that higher 

incentives will stimulate more efforts and higher performance, the psychological theory argues that 

monetary incentives could weaken social and psychological incentives, thus crowding out the 

incentivized behavior. Crowding out arises when extrinsic incentives reduce other motives (intrinsic 

motivation, image motivation, social norms) for undertaking a task. Empirical evidence suggests 

that physicians do respond to incentives for payment mechanisms (Devlin and Sarma 2008; Doran 

T 2006; Gunn and Rhodes 1981). Clemens and Gottlieb (2014a). found that monetary incentives 

significantly increase in healthcare supply from a nature experiment. Several studies have shown 

that fee-for-service physicians (who receive a fee for each clinical service provided) perform more 

clinical services than do physicians who are paid a salary or hold a capitation contract (Brosig-Koch 

et al. 2017; Clemens and Gottlieb 2014). Yet, the interpretation of these results is unclear and 

empirical identification is often challenging in such observational studies.    

2.2 Intrinsic Motivations   

An intrinsic motivation is characterized by excitement, interest, happiness, self-determination, 

competence, curiosity, and high levels of task involvement. It is defined as performing an activity 

for its inherent satisfaction rather than for other reasons (Dave et al. 2011). Various motives have 

been proposed to explain intrinsic incentives to contribute to a community, such as: self-interest, 

altruism, social images. According to the psychological process(“hidden costs of reward” and “the 

locus of control” , if an affected person feels that his/her competence is not appreciated , he/she will 

develop self-esteem and then match with his most valuable of the goods( designates as “primary”), 

he/she will reduce effort (Deci 1971; Frey 1994). In the healthcare context, Bakker et al. (2000) 

found that burnout was particularly prevalent among nurses who derive high intrinsic values from 

their jobs. De Gieter et al. (2006) found that nurses highly valued psychological rewards such as 

appreciation for their work by others, compliments from others, and contact with patients. Siciliani 

(2009) modelled the impacts of performance pay on the provision of medical services when 

providers differ in terms of altruism. They found that altruism providers don’t reduce the 

output(Siciliani 2009). Although prior studies have investigated the impacts of monetary incentives 

on physician performance, none of them have considered physicians’ participation on online 

healthcare platforms.     

 2.3 Crowding out effects  

Psychological research (Deci 1971) and behavioral economic research (Frey and Jegen 2001) have 

validated the relevance of intrinsic motivation and its relationship with extrinsic (e.g., monetary) 
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incentives. Social psychologists call it the “hidden costs of rewards” and note that “monetary 

incentives reduce intrinsic motivation” (Lepper and Greene 1978; Nederhof 1983). From a 

viewpoint of rational choice, this reduction of intrinsically motivated activities is straightforward: If 

a person derives intrinsic benefits by behaving in an altruistic manner or by living up to his civic 

duty, paying him/her for this service reduces his/her option of indulging in altruistic feelings. That 

person’s decreased intrinsic motivation has a reduced effect on his/her efforts(Frey 1994). . Gneezy 

and Rustchini (2006b) found that monetary incentives have a negative effect on students’ 

performance. In this study, we apply crowding out theory to physician provision of online health 

consultation.   

3. A Nature Experiment  
3.1 Research Context  

Establishing the causal effect of monetary incentive in the field is difficult, however, because of 

endogeneity of self-selection (e.g., Baicker and Goldman, 2011). We conduct our analysis in two 

online healthcare platforms in China. Both platforms connect patients with physicians and enable 

patients to post questions to individual physicians through the platforms. Patients post descriptions 

of their health issues and medical history to a specific physician, and the physician can respond with 

advices. For both platforms, this type of text-based consultations is the bulk of the consultation 

service performed by physicians.  

The first platform - www.haodf.com - was founded in June 2006, and is the largest Health 2.0 

platform in China. It is primarily directed toward providing medical and physician information to 

Chinese patients. More than 125,592 doctors have registered with the platform and created personal 

pages to interact with patients.  While the service initially was provided for free to patients and 

physicians responded to patient questions on a voluntary basis without monetary incentive, the 

platform was concerned about physician participation and response given the high demand for 

physician time and experts (see e.g. Etienne Dumont, et al 2008). On February 4, 2013, it introduced 

a monetary incentive mechanism such that patients can post three questions for free to each physician, 

after which they are required to pay 60 RMB per three questions, the majority of which was passed 

along to physicians.  

The second platform – www.xywy.com - was established in 2004 and is the first online Health 2.0 

platform in China.  Xywy is quite similar to Haodf, with regard to services provision and web 

interfaces. Patients are allowed to post questions for free while the platform pays physicians 0.30.5 

RMB per question answered. During the introduction of monetary incentive at haodf, xywy kept its 

incentive mechanism unchanged. The structure and features of the two platforms also remained 

unchanged during the study period.   

To identify the causal relationship between incentive mechanisms and physician responses, we use 

a difference-in-difference approach to measure how a physician’s response on haodf changed 

relative to his/her response on xywy before and after the introduction of the monetary incentive.   

3.2 Descriptive Statistics   

We collected data from both Haodf.com and xywy.com between August 2011 and July 2014 for the 

12,221 physicians who were registered on the both platform before February 2013. We aggregated 

the data to the physician-month level.  Table1 provides the descriptive statistics in our samples.  
Table 1 Descriptive Statistics  

   
  

control  
    

treatment  
  

   Obs  Mean  Std. 

Dev.  Middle  Min  Max  Obs  Mean  Std. 

Dev.  Middle  Min  Max  

log(responses)  
73121  0.044  0.381  0  0  6.555  78480  0.908  1.5  0  0  7.786  

log(answer)  73121  0.047  0.389  0  0  6.551  78480  0.991  1.616  0  0  8.867  
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avg_ans_length  73121  0.073  0.539  0  0  6.953  78480  1.263  1.782  0  0  7.718  

avg_ans_wordsnum  73121  0.049  0.368  0  0  5.645  78480  0.815  1.188  0  -0.693  6.633  

avg_ans_wordshigh  73121  0.026  0.235  0  -0.693  4.733  78480  0.478  0.772  0  -1.792  5.642  

avg_time_lag  73121  0.359  2.607  0  0  24.091  78480  0.2  0.657  0  -3.136  7.263  

Figure 1 provides average number of responses each month for physicians across the two platforms. 

We note that the introduction of the Monetary Incentives in February 2013 seemly has positive 

effects on responding in a short term but negative effective in the long run.   

Figure 1 (Number of Responses) Growth of response 

 

4. Econometric Model  
To account for potential endogeneity concerns, we use the difference-in-difference approach coupled 

with physician data matched across both platforms.In our case, the “treated” group is physicians’ 

response on Haodf.com before and after the introduction of monetary incentive, while the “control” 

group is the response of the same group of physicians on Xywy.com which didn’t introduce any new 

incentive mechanisms. With the difference-in-difference approach, our main estimating equation for 

physican i in month t is:   

DID + Control  Intereaction Effect  Time Effect + Individual Effect:  

lg(responses𝑖𝑗𝑡) 𝐴𝑓𝑡𝑒𝑟𝑡 𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡𝑗 + 𝛽3𝐴𝑓𝑡𝑒𝑟𝑡  𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡𝑗 + 𝛽4 lg(𝑞𝑢𝑒𝑠𝑡𝑖𝑜𝑛𝑠𝑖𝑗𝑡) + 

𝛽5𝑋𝑖𝑡 + 𝛽6𝐴𝑓𝑡𝑒𝑟𝑡  𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡𝑗  𝑙𝑒𝑣𝑒𝑙 + 𝑇 + 𝑖 + 휀𝑖𝑗𝑡    

where the lg(responses𝑖𝑗𝑡) is the number of responses physician i provided on platform j in month 

t. 𝐴𝑓𝑡𝑒r𝑡 is a binary variable that indicates the post incentive period for each treated user and the 

controlled platform. For instance, for a physician who responded to patient quesstions before 

February 2013, the indicator will be a 0 or will be 1. 𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡𝑗 is denoted with 1 if the physician 

is on Haodf.com and 0 if otherwise.  𝐴𝑓𝑡𝑒𝑟𝑡  𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡𝑗, represents the difference-in-difference 

estimator that captures how physicians’ behavior in the treated group change after monetary 

incentives change relative to that of control group in the same period. The number of question 

variable in our specification is the log value of number of questions received by physician i on 

platform j in month t.  We adopt a log-log specification which produces an elasticity interpretation 

of response with respect to the incentive change. Covariates, time fixed effects and physician fixed 

effects control for the observed user differences across physicians and systematic changes over time 

that are common across all physicians. We also analyze the effects of text characters:   
𝑵𝒎𝒖𝒃𝒆𝒓 𝒐𝒇 𝒉𝒊𝒈𝒉 𝒑𝒓𝒐𝒑𝒐𝒓𝒕𝒊𝒐𝒏 𝒐𝒇 𝒎𝒆𝒅𝒊𝒄𝒂𝒍 𝒘𝒐𝒓𝒅𝒔:  

lg(High_words𝑖𝑗𝑡) = 𝛽1𝐴𝑓𝑡𝑒𝑟𝑡 + 𝛽2𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡𝑗 + 𝛽3𝐴𝑓𝑡𝑒𝑟𝑡 𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡𝑗 + 𝛽4 lg(𝑞𝑢𝑒𝑠𝑡𝑖𝑜𝑛𝑠𝑖𝑗𝑡) + 𝑋𝑖𝑡 + 𝑖 + 𝑇 + 휀𝑖𝑗𝑡  

𝑻𝒉𝒆 𝒔𝒑𝒂𝒏 𝒐𝒇 𝑸&𝑨:  

lg(𝑠𝑝𝑎𝑛_𝑟𝑒𝑠𝑝𝑜𝑛𝑠𝑒𝑖𝑗𝑡) = 𝛽1𝐴𝑓𝑡𝑒𝑟𝑡 + 𝛽2𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡𝑗 + 𝛽3𝐴𝑓𝑡𝑒𝑟𝑡  𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡𝑗 + 𝛽4 lg(𝑞𝑢𝑒𝑠𝑡𝑖𝑜𝑛𝑠𝑖𝑗𝑡) + 𝑋𝑖𝑡 + 𝑖 + 𝑇 + 휀𝑖𝑗𝑡  

where lg(High_words𝑖𝑗𝑡) is the average proportion of medical terms in the responses, and 

lg(𝑠𝑝𝑎𝑛_𝑟𝑒𝑠𝑝𝑜𝑛𝑠𝑒𝑖𝑗𝑡) is the logged value of the lag between receiving a question and posting a response.  

5. Empirical Results  
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5.1 Main Results  

The first column in Table 2 shows the regression results of quantity for a physician logtransformed 

responses from two platforms. We find that coefficients on monetary are negative and significant. 

Furthermore, we find that different level of physicians has different effects on responding. 

Interpreting the baseline models, we find that response decreased 8.8% after an introduction of 

monetary incentives.   
Table 2 Main Estimation Results  

Variables   Quantity   Quality _specialty  Quality _span  

  Coefficients  Std.err.  P-value  logavg_ans_wordshigh  logavg_time_lag  

logq  0.945***  0.002  0.000  0.005  -0.188***  
After  0.050**  0.022  0.022  0.082  -0.286***  
Treatment  -0.161***  0.016  0.000  -0.506**  -18.789***  
After*Treatment  -0.088***  0.026  0.001  -0.486**  0.073*  
After * Treatment * Level 2 Physician  0.026  0.019  0.186  0.088**  0.167**  
After * Treatment * Level 3 Physician  0.036*  0.020  0.071  0.066  0.185**  
After * Treatment * Level 4 Physician  -0.007  0.020  0.106  0.138***  0.098  
Control Variables  Included      Included  Included  

Physician fixed effects  Included      Included  Included  

Time fixed effects  Included      Included  Included  

R-squared  0.9768      0.571  0.959  

N  21,785      20643  21168  

* p<0.10, ** p<0.05, *** p<0.010  

We repeat the analysis by examining the effect of monetary incentives on response quality. The frequency of 

medical terms was decreased by 48.6%. We further found that the responses’ time span taken 7.3% longer. 

The results shown that monetary incentives decrease physicians’ efforts.  

5.2 Additional Tests  

As the first robustness check, we assess the sensitivity of results to an alternative span of incentives, given 

that the observed monetary effect may be driven by time effects.  The robustness tests results show that our 

results hold when we expand the time span from 3 months to 15 months. Coefficients remain qualitatively 

similar to that of the main results, providing further assurance on the robustness of the main results.  

* p<0.10, ** p<0.05, *** p<0.010  

F   198.3883   330.7899   438.9515   527.4949   613.4921   
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6. Conclusion   
Many online health platforms provide monetary incentives to motivate physicians to contribute 

online. However, extrinsic rewards may have unintended consequences in a context where intrinsic 

motivation is paramount. Such situations could negatively affect the platforms. We studied this 

problem by taking advantage of a platform design change that is exogenous to individual physicians. 

We also collected data on another platform with a consistent minimal monetary incentive to serve as 

the control group. Through our analysis, we find that by paying physicians to answer patient’s 

questions, monetary incentives result in a decrease in their level of participation and the quantity of 

responses. This finding is particularly important as it highlights the difference in behavior of the 

same physicians across two platforms.   

Our paper contributes to the existing body of knowledge on the effect of incentives on the online 

health physician’s motivation generation process. This is particularly important given that many 

companies are pursuing similar incentive models. Our findings could be utilized to draw insights on 

similar incentive designs for other online platforms such as open knowledge sharing platforms.   
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Promoting Crowdfunding Campaigns by Lottery Option:  

A Wise Decision or Hazardous Choice? 

 
 

 

 

 

 

 

 

 

 

 

Abstract 
 

In 2015, leading crowdfunding platforms in China initiated a new promotion instrument, lottery 

option, to fundraisers. To help fundraisers decide whether it is a wise decision or a hazardous choice 

to promote campaigns with this instrument, we examine its impacts on crowdfunding performance 

using a unique dataset collected from Zhongchou.com. Based on our proposed evaluation framework 

for fundraising performance and participation performance, we find that lottery option has positive 

impacts on the popularity measure of participation performance.. However, its impacts on the 

success measure and effect measures of fundraising performance are negative. Our results pose an 

interesting dilemma for fundraisers.  

 

Keywords: Crowdfunding, Promotion Instrument, Lottery Option, Propensity Score Matching  

 

1. Introduction 
With the prosperity of crowdfunding, the competition among fundraisers has become increasingly 

intense. Hence, fundraisers make every effort to attract more backers and motivate them to contribute 

more. In 2015, leading crowdfunding platforms in China took the initiative to provide fundraisers 

with a new campaign-level promotion instrument, namely, lottery option. Lottery option is similar 

to a sweepstakes, a popular non-price sales promotion strategy. They are alike in that winning a prize 

in both is based on chance. Their difference lies in the entry of promotion campaigns. Lottery option 

allows backers an opportunity to win the prize with small odds by providing a small amount of funds. 

In contrast, the engagement in sweepstakes is non-monetary. 

We explore the impacts of lottery option on crowdfunding performance based on our evaluation 

framework. It consists of success measure, effect measure, efficiency measure for fundraising 

performance, and popularity measure for participation performance. We aim to answer the following 

research questions in our study. First, what are the impacts of lottery option on crowdfunding 

campaigns’ fundraising performance and participation performance? Second, how do these impacts 

vary across reward-based crowdfunding campaigns and donation-based crowdfunding campaigns? 

Our empirical research yields interesting findings. Lottery option has a positive impact on 

participation performance measure of the number of backers. Interestingly, we find that the impacts 

of the lottery option on success measure and effect measure of fundraising performance are 

unexpectedly detrimental.  

2. Research Context 
When fundraisers want to initiate a new campaign in a crowdfunding platform, they are asked to 

submit information about their campaigns. Among the information provided, a reward scheme is 
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required. A reward scheme contains available backing options for the campaign. Most existing 

crowdfunding platforms provide donation option and reward option. Lottery option is a new type of 

option. It takes the form of two-stage lottery (Erev & Haruvy, 2010). First, backers are awarded 

lottery numbers after their backing. Next, prize numbers are automatically drawn by the 

crowdfunding platform using pre-defined rules after successful ending of the crowdfunding 

campaign.  

According to sales promotion literature, sales promotion has a significant and immediate impact on 

brand sales. The general consensus is that consumers have better perceptions of non-monetary 

promotions than monetary promotions because non-monetary promotions can offer consumers 

additional value (Lowe & Barnes, 2012). Moreover, the delayed resolution of uncertainty in two-

stage lottery is believed to be preferred to an immediate resolution in  ordinary lottery (Erev & 

Haruvy, 2010). 

 

3. Literature Review and Hypotheses 
Extensive research efforts have been made to explore factors that influence the success of 

crowdfunding campaigns. Some have focused on the characteristics of crowdfunding campaigns, 

textual information, and geographic factors; others have paid attention to the impacts of fundraisers’ 

social network and social capital, fundraisers’ gender, and the dynamics of backers’ behavior. Only 

few studies have considered the effects of promotional efforts. Mollick (2014) verifies the 

effectiveness of the appearance on the homepage of online crowdfunding platforms in achieving 

fundraising goal, and Lu et al. (2014) demonstrate strong correlation between the number of backers 

and volume of promotional activities for crowdfunding campaigns that launch promotional activities 

in social media within their campaign duration. 

To understand the impacts of the lottery option, we propose an evaluation framework for 

crowdfunding performance. The framework assesses crowdfunding performance in terms of 

fundraising performance and participation performance. Concerning fundraising performance, we 

include three measurements: (1) Success Measurement: whether the amount of funds raised reaches 

or exceeds the fundraising goal; (2) Effect Measurement: the amount of funds raised and fundraising 

percentage; and (3) Efficiency Measurement: time to successful fundraising. For participation 

performance, we include one measurement to assess popularity: the number of backers.  

Most rewards offered in crowdfunding campaigns are novel and have great variety in crowdfunding 

context. Thus, backers are also considered to be more risk seeking and variety seeking than general 

consumers. Considering the similarities between lottery option and sweepstakes, the feature of 

rewards and backers in crowdfunding, and the form of the lottery option, we believe that lottery 

option is a desirable promotion instrument for crowdfunding campaigns. Thus, we propose the 

following hypothesis: 

H1: Lottery option has a positive impact on the success measure of fundraising 

performance. 

However, the low price of lottery options is also expected to be attractive to some potential backers 

of reward options. Therefore, the amount of funds raised and fundraising percentage will decrease 

due to the substitution effect of lottery option for reward options and the big price gap between lottery 

option and reward options in most cases. Furthermore, time to successful fundraising is also expected 

to be longer for crowdfunding campaigns with lottery option because of the decrease in the amount 

of funds raised. Hence, lottery option is also detrimental to efficiency measure of fundraising 

performance. Thus, we propose the following hypotheses:  

H2: Lottery option has a negative impact on the effect measure of fundraising performance. 

H3: Lottery option has a negative impact on the efficiency measure of fundraising 

performance. 
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Intuitively, the low price of lottery option is quite attractive to many undecided or hesitant backers 

who are interested in, but do not intend to be, supporting the crowdfunding campaigns through the 

backing donation option or reward options. Moreover, low price is an important factor that can 

directly incur impulse buying in both offline retail environments and online contexts. Hence, the 

number of backers of crowdfunding campaigns with lottery option is expected to be greater than the 

number of backers of crowdfunding campaigns without lottery option. Thus, we propose the 

following hypothesis: 

H4: Lottery option has a positive impact on the popularity measure of participation 

performance. 

4 Data and Variables 
We employ data collected from Zhongchou.com using a specifically designed web crawler. Since its 

inception in April 2013, the platform has supported more than 21,000 crowdfunding campaigns as 

of July 22, 2016. Since the first crowdfunding campaign with the lottery option started to raise funds 

on November 12, 2015, 5,530 crowdfunding campaigns have been initiated and completed as of July 

22, 2016. Among these campaigns, 1,396 are successful. The success rate is 25.24%. Of the 5,530 

campaigns, 1,961 offerred lottery option, resulting in a rate of 35.46%.  

 

Table 1. Variables and Definitions 

When fundraisers want to launch new crowdfunding campaigns on the platform, they are asked to 

complete the design of their campaigns’ homepages, including the reward schema. When designing 

the reward schema, fundraisers are asked to set the properties of options. For lottery options, 

fundraisers should provide price, number of prizes, odds of winning a prize, limit on the number of 

backers, time for reward delivery, and a descriptive image. Once crowdfunding campaigns are started, 

users receive their lottery numbers after their backing of lottery options. The time of lottery draw is 

after the successful ending of the crowdfunding campaign.  

 

Table 2. Descriptive Statistics 

Variable Definition 

StatusCode  Fundraising status of a completed campaign (1=succeeded, 0=failed)  

FundNum The number of backers of a crowdfunding campaign 

FundAmount The amount of funds raised for a crowdfunding campaign 

FundPercentage The ratio of FundAmount to FundGoal in percentage 

SuccessDays Time to successful fundraising (in days) 

Category The category of a crowdfunding campaign 

HasLottery  
Indicates whether a lottery option is offered in the reward schema of a 

crowdfunding campaign (1=yes, 0=no)  

OptionNum  The number of options including lottery options and reward options 

FundGoal Fundraising goal of a crowdfunding campaign 

Duration Duration of a crowdfunding campaign (in days) 

HasSExp 
Indicates whether the fundraiser has launched at least one successfully 

ended campaign before he/she launched the campaign (1=yes, 0=no) 

HasFExp 
Indicates whether the fundraiser has launched at least one unsuccessfully 

ended campaign before he/she launched the campaign (1=yes, 0=no) 

HasAuth 
Indicates whether the fundraiser has passed the authentication of the 

crowdfunding platform (1=yes, 0=no) 

HasAvatar 
Indicates whether the fundraiser has established a personalized avatar for 

himself/herself in the crowdfunding platform (1=yes, 0=no) 
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Variable Obs. Mean Std. Min. Max 

StatusCode  5,530 0.252 0.434 0 1 

FundNum 5,530 50.188 159.105 0 4,976 

FundAmount 5,530 6,635.41 33,836.62 0 1,006,358 

FundPercentage 5,530 42.891 124.497 0 4,393 

SuccessDays 1,325 20.743 18.056 1 90 

HasLottery  5,530 0.355 0.478 0 1 

OptionNum  5,530 4.865 2.349 1 48 

FundGoal 5,530 62,110.07 664,729.5 500 40,000,000 

Duration 5,530 36.476 20.627 1 90 

HasSExp 5,530 0.135 0.342 0 1 

HasFExp 5,530 0.168 0.374 0 1 

HasAuth 5,530 0.854 0.353 0 1 

HasAvatar 5,530 0.700 0.458 0 1 

 

We use fundraising status, the number of backers, the amount of funds raised, fundraising percentage, 

and time to successful fundraising as dependent variables. We code the status of a crowdfunding 

campaign after its completion as ‘succeeded’ or ‘failed’ (1 and 0, respectively). Whether lottery 

option is offered in the reward scheme is the independent variable. We choose three campaign 

characteristics and two fundraiser characteristics as the control variables. Three campaign 

characteristics are the number of options, fundraising goal, and duration of crowdfunding campaigns. 

Two fundraiser characteristics are whether the fundraiser has launched at least one successfully 

ended campaign and whether the fundraiser has launched at least one unsuccessfully ended campaign. 

Definitions and descriptive statistics of the dependent variables, independent variable, and control 

variables are presented in Tables 1 and 2.  

 

5 Empirical Model and Results 
To attenuate the influence of self-selection biases, we apply propensity score matching, a commonly 

used approach for correcting selection bias (Peikes et al., 2008). We construct a sample that includes 

both the sample of crowdfunding campaigns with a lottery option and an equal number of 

crowdfunding campaigns selected from those without a lottery option using propensity score 

matching based on the one-to-one nearest-neighbor matching algorithm.  

Based on sales promotion literature, the experience of promotion campaigns’ decision makers is 

crucial to the promotion’s performance (Ogden-Barnes & Minahan, 2015). Considering the 

similarities between crowdfunding campaign promotion and sales promotion, we believe that 

fundraisers’ experience is an important impact factor for the success of crowdfunding campaigns. 

Meanwhile, fundraisers decide whether to include lottery option in their reward scheme. Thus, we 

compute the propensity score using constructed measures of fundraiser experience and 

characteristics: (1) whether the fundraiser has launched at least one successfully ended crowdfunding 

campaign before (HasSExp), (2) whether the fundraiser has launched at least one failed ended 

crowdfunding campaign before (HasFExp), (3) whether the fundraiser has passed the authentication 

of the crowdfunding platform (HasAuth), and (4) whether the fundraiser has established a 

personalized avatar (HasAvatar). After matching, the two groups have no significant differences 

across all characteristics in the three settings. 

To investigate the impacts of lottery option on the dependent variables, we use logistic regression 

and OLS regression on the matched samples. For the dependent variable of the status of a 

crowdfunding campaign after its completion (StatusCode), we use logistic regression:  

           Logit(𝑆𝑡𝑎𝑡𝑢𝑠𝐶𝑜𝑑𝑒𝑖) = 𝛽0 + 𝛽1𝐻𝑎𝑠𝐿𝑜𝑡𝑡𝑒𝑟𝑦𝑖 + 𝛾𝛼𝑖 + 𝛿𝜑𝑖+휀𝑖                       (1) 

For other dependent variables, we use OLS regression:  
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        𝑌𝑖 = 𝛽0
′ + 𝛽1

′𝐻𝑎𝑠𝐿𝑜𝑡𝑡𝑒𝑟𝑦𝑖 + 𝛾′𝛼𝑖 + 𝛿′𝜑𝑖  +    휀𝑖
′                                                                  (2)      

where  𝑆𝑡𝑎𝑡𝑢𝑠𝐶𝑜𝑑𝑒𝑖  is a binary variable indicating whether fundraising status of a completed 

crowdfunding campaign; 𝑌𝑖 denotes a vector of dependent variables including the number of backers 

(FundNum), the amount of funds raised (FundAmount), fundraising percentage (FundPercentage), 

and time to successful fundraising (SuccessDays). 𝐻𝑎𝑠𝐿𝑜𝑡𝑡𝑒𝑟𝑦𝑖  is a binary variable indicating 

whether lottery option is offered in the reward scheme of a crowdfunding campaign. 

For control variables, we include a set of campaign characteristics and a set of fundraiser 

characteristics. 𝛼𝑖  denotes the set of campaign characteristics including the category of a 

crowdfunding campaign, the number of options in its reward scheme (OptionNum), natural logarithm 

of fundraising goal (lnFundGoal), and duration of the crowdfunding campaign (Duration); 𝜑𝑖 

denotes the set of fundraiser characteristics including whether the fundraiser has launched at least 

one successfully ended crowdfunding campaign before (HasSExp) and whether the fundraiser has 

launched at least one unsuccessfully ended crowdfunding campaign before (HasFExp).  

 

Table 3. Regression Results for All Crowdfunding Campaigns 

 
(1) 

StatusCode 

(2) 

FundAmount 

(3) 

FundPercentage 

(4) 

SuccessDays 

(5) 

FundNum 

HasLottery -0.224*** -1,984.754* -8.823** 0.986 20.764*** 

 (0.086) (1,118.890) (4.244) (0.870) (4.414) 

HasSExp 1.359*** 9,491.998*** 53.529*** -0.820 51.190*** 

 (0.122) (1,715.860) (6.508) (1.058) (6.769) 

HasFExp -0.643*** -1,537.154 -19.637*** 1.719 -12.085** 

 (0.125) (1,537.277) (5.831) (1.219) (6.065) 

OptionNum 0.169*** 954.250*** 4.110*** -0.181 5.087*** 

 (0.020) (260.633) (0.989) (0.192) (1.028) 

lnFundGoal -0.343*** 4,816.687*** -13.265*** 2.329*** 9.883*** 

 (0.032) (383.780) (1.456) (0.326) (1.514) 

Duration -0.009*** -135.962*** -0.184* 0.679*** -0.357*** 

 (0.002) (27.359) (0.104) (0.022) (0.108) 

Category 

dummies 
Y Y Y Y Y 

Pseudo/ 

Adjusted R2 
0.165 0.064 0.071 0.553 0.100 

Number of 

observations 
3,922 3,922 3,922 929 3,922 

* p<0.1; ** p<0.05; *** p<0.01 

 

To test the impacts of the lottery option for crowdfunding campaigns, we run the regression analysis 

defined by Equations (1) and (2) for crowdfunding campaigns in our dataset. The regression results 

are shown in Table 3. Column (1) reports the estimation results of Hypothesis 1. The impact of lottery 

option on the success of crowdfunding campaigns is negative and significant. Thus, Hypothesis 1 is 

not supported. Columns (2) and (3) report the estimation results of Hypothesis 2. Lottery option has 

a negative and significant impact on the two effect measures of fundraising performance, the amount 

of funds raised and fundraising percentage. Therefore, Hypothesis 2 is supported. Column (4) reports 

the estimation results of Hypothesis 3. Lottery option has a negative but not significant impact on 

the efficiency measure of fundraising performance: time to successful fundraising in days. Hence, 

Hypothesis 3 is not supported. Column (5) reports the estimation result of Hypothesis 4. Lottery 

option has a positive and significant impact on the measure of participation performance: the number 

of backers. Therefore, Hypothesis 4 is supported.  
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6 Discussions and Conclusion 
With the booming of crowdfunding across the world, promotion of crowdfunding campaigns is 

attracting increasing attention from both fundraisers and crowdfunding platforms. As a new 

promotional strategy, lottery option was expected to boost crowdfunding performance. To evaluate 

the impacts of the lottery option on crowdfunding performance, we propose a framework that 

contains four measures of fundraising performance and one measure of participation performance.  

Our research generates several interesting and counterintuitive findings. The good news is that lottery 

option has a strong positive and significant impact on the popularity measure of participation 

performance. However, the new promotional tool has an untoward negative and significant impact 

on success measure of fundraising performance. Moreover, lottery option has negative and 

significant impacts on effect measures of fundraising performance. Finally, lottery option has a 

negative but not significant impact on efficiency measures of fundraising performance. Our findings 

suggest that use of lottery option in crowdfunding campaigns can help fundraisers to significantly 

increase the number of backers. Unfortunately, inclusion of lottery option in crowdfunding 

campaigns is detrimental to the amount of funds raised and the fundraising percentage. Our results 

pose an interesting dilemma for fundraisers.  
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Abstract 

 

In recent years, crowdfunding has surfaced as an innovative way to raise venture capital online. 

Using data from a unique crowdfunding platform, we study whether opting for “prefunding” or 

raising awareness prior to fund-raising, increases the likelihood of a campaign meeting its goal. 

We also investigate how prefunding activities influence fundraising dynamics. Using a matching 

sample to study the effects of prefunding, we demonstrate that prefunding significantly increases 

the likelihood of a campaign meeting its goal, and that the relationship between prefunding and 

project success is mediated by both, the number of backers and quality of backers. 

 

Keywords: crowdfunding, prefunding, reward-based crowdfunding, entrepreneurship 

 

“No community generally equals no funding. To secure funding, one needs to come to the table 

with a decent “anchor audience” and do some moving and shaking thereafter.” 

- Danae Ringelmann, Co-Founder, Indiegogo 

 

1. Introduction 
The explosive growth of the Internet and its related technologies is rapidly changing the venture 

capitalism industry (Lawton and Marom 2012). Crowdfunding is a radically fresh approach that 

allows entrepreneurs to raise small amounts of money from a large network of people who pool 

their money together to support ideas that they are passionate about. 

 

In a short span, the crowdfunding market has turned into a competitive space for aspiring 

entrepreneurs. This is perhaps the reason for the recent emergence of a new class of closely related 

platforms, such as Prefundia and Launchrock, which have come to known as “prefunding” 

platforms. During the prefunding phase, entrepreneurs can showcase forthcoming crowdfunding 

projects, with photos, videos and descriptions. Entrepreneurs can also engage with potential 

backers, post updates and participate in discussions. However, financial backing is possible only 

after the project is launched. 

 

The effects of such prefunding activities on fund raising outcomes is far from obvious, given the 

recency of both crowdfunding platforms and the prefunding mechanism. This motivates some 

interesting research questions around entrepreneurial strategies prior to fund-raising. What is the 

effect of going through a stage of prefunding on fund raising outcomes? Does prefunding help 

projects succeed? And how exactly do prefunding activities influence fund-raising dynamics? 

 

The data for our study comes from JD Crowdfunding, China’s leading reward-based 

crowdfunding platform with a market share of 34.4% in 2016. A distinctive feature of this website 

makes it well-suited to address our research question. JD Crowdfunding has a prefunding option 

built into its crowdfunding website. Entrepreneurs can choose whether to prefund, and if they do, 
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they can seamlessly transition into fund-raising within the platform. Our study yields interesting 

findings. We first find that, ceteris paribus, prefunding significantly increases the likelihood of a 

campaign meeting its goal. Moreover, we find that prefunding projects kick- off with a higher 

number of backers, and with higher quality backers, who contribute more on average compared 

to the backers of non-prefunding projects. Further, prefunding projects are more likely to build 

initial momentum when entrepreneurs are proactive in keeping followers updated and in engaging 

with followers. To the best of our knowledge, ours is the first study in the area of crowdfunding 

on prefunding. This study has interesting and significant implications for crowdfunding platforms 

and entrepreneurs. 

 

2. Literature Review 
This work is related to two streams of literature. The first of these is the emerging and fast growing 

literature on crowdfunding. A group of early works in this area have studied the factors that affect 

project success from multiple angles. Entrepreneurs’ networks, locational origins, and project 

quality were some of the first identified drivers of success (Mollick 2014). Other factors such as 

home bias (Lin and Viswanathan 2015) and prior contribution patterns (Burtch et al. 2013) also 

influence backers’ funding behavior. In addition, studies have examined the tradeoffs between 

contrasting funding mechanisms such as Keep-it-All vs. All-Or-Nothing models (Cumming et al. 

2014). 

 

Second, we draw inspiration from the financial markets literature. Companies doing an initial 

public offering (IPO) often travel around the country to give presentations to analysts, fund 

managers and potential investors. The road show is intended to generate excitement and 

interest, and is often critical to the success of the offering (Derrien and Womack 2003). 

Similarly, in our context, prefunding aggregates non-monetary interest and followership, 

some of which converts into financial backing once the project is launched. In financial 

trading, unlike continuous markets where traders can trade at any time when the market is 

open, orders are accumulated and batched for simultaneous execution in call markets. This 

accumulation of buy and sell orders leads to information aggregation and a clearing price 

that is less volatile (Chang et al 2008). In a similar vein, in our case, the discussions and 

updates in the prefunding period allows information aggregation and could potentially reduce 

uncertainty. 

 

3. Research Context and Data 
JD Crowdfunding, China’s leading reward-based crowdfunding platform was launched  in  

2014 by JD Finance, which is the financial subsidiary of China’s second-biggest e-commerce 

firm, Jingdong. On JD Crowdfunding, entrepreneurs can choose whether to go through 

prefunding, and if they do, they can seamlessly transition from the prefunding stage to the fund- 

raising stage within the platform. 

 

We collected daily data on 3,176 JD Crowdfunding projects from April 2015 to June 2016 across 

all categories. We observed each project from start to end. For a prefunding project, we observe it 

from the beginning of the prefunding until the end of fund raising. For each project, we collected 

funding-related variables, prefunding-related variables, and entrepreneur-related variables. Table 

1 lists, describes and summarizes the variables in our dataset. 

 

 

4. Theory and Hypotheses 
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Quality of 
Backers 

Success 

There are reasons to suggest that prefunding should benefit fund-raising campaigns. 

Prefunding provides an avenue for additional time and visibility and helps attract the attention 

of potential future backers. On the other hand, there are also reasons to believe that prefunding 

could hurt fund-raising endeavors. Prefunding induces a time gap between securing “buy-in” 

and the point in time when contribution becomes feasible and could result in the loss of 

potential backers. 

 

We conjecture that, overall, prefunding projects are more likely to meet their funding goals. 

Prefunding allows potential backers to interact with the entrepreneur and with each other 

through the discussion forum, which reduces project uncertainty and helps to build momentum 

prior to launch. Once launched, prefunding projects have an edge over non- prefunding 

projects, which can attract even more investors over time. Therefore, we hypothesize as 

follows: 

H1: Prefunding increases the likelihood of a project succeeding in meeting its goal. 

 

We then look at how prefunding affects fundraising outcomes. We argue that prefunding gives 

projects an initial thrust and early traction that gives projects a substantial head start compared 

to non-prefunding projects. Kicking off a project with a big bang initiates a virtuous circle that 

pushes the project all the way through to its target. This initial momentum could manifest in 

two ways, through more backers, or through backers who contribute more on average. 
 

 

 

 
Figure 1. Theoretical Model 

 

Due to the added visibility prior to launch, prefunding projects could start off with a high 

number of backers on average compared to non-prefunding projects, which contributes to the 

success of the projects. Thus, we hypothesize: 

H2: The positive relation between prefunding and project success is mediated by the number 

of backers for the project. 

 

Prefunding projects could also kick off with a pool of higher quality backers. That is, the 

backers for these projects could contribute higher amounts on average compared to the backers 

for non-prefunding projects. Once again, it is the information aggregation that reduces 

uncertainty during prefunding, and enables the projects to attract a more serious and less 

speculative pool of backers upon launch. Therefore, we hypothesize: 

H3: The positive relation between prefunding and project success is mediated by the quality 

of backers for the project. 

We then conjecture that activities during prefunding period also matter. Prefunding helps 

when entrepreneurs are effective in disseminating timely information to followers and in 

engaging with them. This leads us to the following hypotheses: 

H4: Projects are more likely to have higher initial momentum when the entrepreneur 

provides more updates during the prefunding period. 

Number of 
Backers 

Prefunding 
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H5: Projects are more likely to have higher initial momentum when the entrepreneur 

provides more updates during the prefunding period. 

 

5. Empirical Analysis and Results 
In studying the effect of prefunding on funding success, the first econometric challenge stems 

from the fact that the factors that influence an entrepreneur’s propensity to opt for prefunding 

might simultaneously affect the likelihood of the success of her projects, creating a self-selection 

bias. In order to alleviate this concern, we employ a matching technique based on propensity 

scores (Rosenbaum and Rubin 1983). We define the treatment group as the set of projects that 

went through prefunding and the control group as the ones that did not. We first run a logistic 

regression with the prefunding decision as the dependent variable and a number of project- 

specific and entrepreneur-specific characteristics as explanatory variables. Based on the results 

from this regression, we match projects on five criteria: entrepreneur experience, goal, category, 

number of backing options, and number of pictures in the pitch. We calculate the propensity score, 

which is the probability that an observation receives treatment given the covariates. We then use 

the one-to-one nearest neighbor greedy matching without replacement approach (Austin, 2009). 

Our matched sample consisted of 891 prefunding and 891 non-prefunding projects. We conduct 

our analysis on this matched sample. 

 

We first find that prefunding projects are significantly more likely to succeed than non-prefunding 

projects. We estimate the average treatment effect (ATE) using a two-sample t-test with equal 

variances. While non-prefunding projects have an average success rate of 67.2%, a comparable 

sample of prefunding projects have an average success rate of 82% (p <0.001). In Model I, we 

estimate the direct effect of prefunding on success. As shown in Table 2, we find that prefunding 

has a significant effect on success (0.148, p<0.001). 

 

Prefunding could help projects succeed through two types of initial momentum: (1) more backers, 

(2) higher quality of backers on the first day, or both. We operationalize the quality of backers as 

the average funding amount, which is the ratio of amount raised and number of backers. To test 

this, in Model II, we conduct mediation analysis. We find that the effect of prefunding on success 

is mediated through both, the number of backers as well the quality of backers. In Table 2, we 

show that (1) the effect of prefunding on mediators is significant; (2) the effect of mediators on 

success is significant; and (3) the effect of prefunding on success loses significance upon the 

introduction of mediators. In Figure 2, we show how prefunding and non-prefunding projects 

progress during fund-raising. Prefunding projects (top red line) kick-off with a higher number of 

backers and go on to attract even more backers, widening the gap over time. Also, prefunding 

projects kick off with more serious backers (top red line), attracting less serious backers follow. In 

contrast, non-prefunding projects (lower blue line) start off with relatively non-serious backers. 

Information aggregation occurs during fund raising and serious backers get involved later. 
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Finally, we check the effect of the number of updates and discussions in prefunding period on initial 

momentum. There are endogeneity issues in this analysis and we employ a Heckman model to 

estimate the results. We find that when entrepreneurs share more updates during prefunding, they 

launch with a pool of higher quality backers. A high level of discussions in prefunding leads to both, 

more backers, as well as higher quality backers when the project is launched (Table 3). 
 

6. Conclusion 
Using rich, granular data from a unique crowdfunding platform, we show that going through a 

prefunding stage before fund-raising significantly increases the likelihood of project success. We 

further find that prefunding affects funding outcomes by generating an initial momentum that gives 

the projects a thrust that pushes them all the way to the goal. We find that this initial momentum 

manifests in two distinct ways. Prefunding projects take off with, both, a higher number of backers 

and higher quality backers. Finally, we find that prefunding is successful when the entrepreneurs 

are diligent in keeping their followers informed and ensuring that the potential backers are engaged. 

 

Put another way, entrepreneurs who build a community first and launch second are much more 

likely to succeed than those who launch first and try to build a community second. From a 

practitioner’s perspective, our findings have direct implications valuable to entrepreneurs, 

crowdfunding platforms and prefunding platforms. We also contribute to the extant literature on 

crowdfunding by investigating the prefunding mechanism and the effects of adopting it. 
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Table 1. Summary 

Statistics 

Variable Description Mean Std. Dev. Min Max 

Success 1 if the project target is met, 0 otherwise 0.77 0.42 0 1 
Experience Number of previous projects by entrepreneur 0.41 1.64 0 20 

Goal Target funding amount for the project 122,984.30 197,889.90 1,000 1,000,000 

Duration Number of days of fund-raising period 35.89 11.38 7 60 

Level Number of backing options for this project 8.31 3.81 2 96 

Link Whether it provides links to other promotion 

channels 
0.45 0.50 0 1 

Pictures Number of pictures for project introduction 10.83 8.96 0 72 

Category 1 if technology project, 0 otherwise .725 .446 0 1 

Discussions Number of discussions in fund raising period 109.89 452.28 0 16,785 

Backers Number of backers on first day of fund-raising 220.201 777.86 0 25,479 

Raised Amount raised on first day of fund-raising 55,430.86 210,676.60 0 5,047,543 

Prefund 1 if the project went through prefunding, 0 

otherwise 
0.67 0.47 0 1 

PreUpdates Number of entrepreneur updates in prefunding 

period 
0.1412 0.544 0 6 

PreDiscussions Number of discussions in prefunding period 9.68 34.36 0 1,068 
 

Table 2. Estimation Results: Funding Success 

 Model I   Model II  
 Success  Number of Backers Quality of 

Backers 
Success 

Prefunding .148*** 

(0.199) 
 1.069*** 

(0.061) 

0.093*** 

(0.077) 

-0.029 

(0.019) 
Number of Backers     0.097*** 

(0.008) 
Quality of Backers     0.077*** 

(0.006) 
Goal -0.024** 

(0.007) 
   -0.074*** 

(0.007) 
Duration -0.049 

(0.029) 
   -0.014 

(0.027) 

Levels 0.301*** 
(0.039) 

   0.153*** 
(0.036) 

Link 0.016 

(0.422) 
   -0.009 

(0.018) 

Note: * p<0.1; ** p<0.05; *** p<0.01 

Table 3. Estimation Results: Initial Momentum 

 Number of Backers Quality of Backers 

PreUpdates -0.037 

(0.067) 
0.415*** 

(0.102) 
PreDiscussions 0.341*** 

(0.023) 

0.124*** 

(0.037) 

Note: * p<0.1; ** p<0.05; *** p<0.01 
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A Fast and Comprehensive Literature Search Tool for Information Systems 

Researchers 

 

 

Abstract 
 

For individual researchers, literature search has always been a tedious and time-consuming work, 

and it is often difficult to find a complete list of relevant articles using existing literature search 

engines. To address this problem, we propose a novel citation recommendation method using content 

and citation graph-based information, which produces a list of relevant references given the input 

of an abstract. In our method, we introduce a new feature of similar peers’ citation choices, which 

captures the wisdom of crowds in the reference lists of academic articles. The proposed method has 

achieved better performance in the experiments on a standard dataset compared with existing 

method. To develop the literature search tool, we plan to first construct a dataset of the paper citation 

network within the three top IS journals (i.e., ISR, JMIS, MISQ). Then, we plan to implement the 

proposed method on ISTopic.org, an online platform for the exploration of research topics. 

 

Keywords: Literature search, Topic model, Citation graph, Wisdom of Crowds 

 

1. Introduction 
Literature search has always been a tedious and time-consuming work for individual researchers, and 

it is often difficult to find a complete list of relevant articles. One of the difficulties in literature 

search is the composition of an appropriate query for a literature search engine, such as Google 

Scholar and Scopus. The text-based search engines would often give poor results when there is 

vocabulary mismatch between a query and the relevant documents (Caragea et al., 2013). Another 

difficulty is the pressure from information overload when searching for relevant literature. Scientists 

around the world continue to produce a large number of research articles. Unfortunately, our ability 

to manually process and filter the massive amounts of information is very limited.  

 

Prior efforts have been made in different disciplines to address these problems. For example, in 

biomedical domain, a web-based literature search enhancement tool called TCS Pubmed eXplorer 

(i.e., TPX) is developed to enable faster article searching by including features of concept assisted 

search and filtering in the literature search engine (Joseph et al., 2012). However, TPX also requires 

users to formulate their queries based on keywords; vocabulary mismatch would still happen. Besides, 

the concept-based searching requires expertise in related domains, and is limited to the biomedical 

literature. In the Information Systems (IS) field, MISQ Research Curations Initiative is developed to 

facilitate the exploration of a bundle of MISQ articles for researchers. The Research Curations 

Initiative identifies the important topics, for each of which, a team of researchers with domain 

knowledge is invited to identify MISQ articles that make significant contributions to the topic. The 

Research Curations Initiative relies heavily on manual work as well as expertise in related topics, 

which is not effective in dealing with subdomains, the evolving topics, or the growing number of 

articles.  
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In this study, we aim to develop an intelligent literature search tool for IS community to enable a fast 

and comprehensive article searching. In the literature search system, a research description such as 

an abstract is required as the query input, and a list of possible citations will be recommended. 

Comparing to the keyword-based query, the long query not only contains richer information, but also 

relieves users from composing appropriate query words. The use of the literature search tool requires 

less expertise in related topics, making it easier for individual researchers to exploring new research 

areas. To develop the literature search system, we plan to first construct a dataset of the paper citation 

network within the three top IS journals6: Information Systems Research, Journal of Management 

Information Systems, and Management Information Systems Quarterly. Then, we plan to implement 

a novel citation recommendation method on ISTopic.org (http://www.istopic.org/), which is an 

online platform for exploration of research topics and article searching in different disciplines (Chen 

and Zhao, 2015). The citation recommendation tool enriches the functionality of ISTopic.org. 

 

In our method, we introduce a new feature of similar peers’ citation choices, which captures the 

wisdom of crowds in the reference lists of academic articles, in addition to topical similarity. The 

proposed feature emphasizes on the citation choices of topically similar articles, and in the meantime, 

captures the public opinion in citation choices (e.g., scientific article popularity). The citation 

recommendation algorithm has achieved better efficiency and accuracy in the experiments on a 

standard dataset (i.e., ACL Anthology Reference Corpus) compared with existing methods using 

many complex features. 

  

2. Related Work 
Literature search is usually done by submitting specific keywords to search engines such as Google 

Scholar and Scopus, whose main task is to find articles that are topically similar to the query. Many 

researchers have focused on developing a citation recommendation system, which aims to find the 

relevant citations for a research study. Nallapati et al. (2008) propose a topic models-based method 

to predict the presence of a citation link between every pair of documents based on the text content 

of the documents. Some researchers utilize the citation context (i.e., the words around citation 

placeholders) in addition to the text content in recommending a list of reference papers given the 

input of a manuscript (He et al., 2010, Huang et al., 2012, and Meng et al., 2013). Stohman et al. 

(2006) propose a citation recommendation framework using both content and citation graph-based 

information. Various measures are constructed from the citation graph including co-citation coupling, 

same author, Katz, and citation count. Katz, which refers to the number of unique paths between two 

articles exponentially damped by length, represents the connection closeness between two documents 

(Liben-Nowell et al., 2004). The recency of publication is also included in the feature set. Then, the 

features are combined in a linear model to produce a document score, which is used to rank the 

documents. Bethard and Jurafsky (2010) use the same framework as Stohman et al.’s (2006), and 

enrich the feature set with topical similarity and author behavioral patterns including scientific article 

popularity, recency, citing snippets, topic-related citing pattern, and social habits. They utilize two 

different linear classifiers, namely logistic regression model and SVM-MAP to learn the weights of 

all the features in the retrieval model. Besides, they apply an iterative paradigm for learning model 

weights, and show that it outperforms the single-iteration training. 

 

Under the same framework, we propose a novel measure of similar peers’ citation choices, which 

captures the wisdom of crowds in the reference lists of academic articles. The features of scientific 

article popularity and topic-related citing pattern in Bethard and Jurafsky’s search model can also be 

                                                 
6 The collection of journal data and reference data relies heavily on manual work, which is extremely time consuming. Being 

constrained by resources, we start with the three top IS journal. In the future, we will add more journals and conferences articles. 
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captured in the measure of similar peers’ citation choices. Besides, the proposed feature captures 

researchers’ citing patterns of referring to similar articles’ prior citation choices.  

 

3. Methodology  
Our literature search system aims to provide a list of relevant references given the input of an abstract. 

To characterize and predict authors’ citation choices, previous studies have developed relatively 

complex features from various perspectives (Strohman et al., 2006, Bethard and Jurafsky, 2010).  

We propose a simple approach based on only two features, namely, topical similarity and similar 

peers’ citation choices, using topic modeling and network analysis methods. Topical similarity, 

which represents the topical relationship among documents in a more explicit way than the 

content/text similarity, is an important feature to model the document relevance (Bethard and 

Jurafsky, 2010). We select Latent Dirichlet Allocation (LDA) model to learn/infer a set of topics and 

the topical combinations for the articles (Blei et al., 2003, Bethard and Jurafsky, 2010, Shi and 

Whinston, 2016). We then calculate topical similarity between the query document and an article as 

the cosine similarity of the two topic distributions as shown in Equation (1): 

𝑡𝑜𝑝𝑖𝑐𝑎𝑙_𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦𝑞𝑑 = 𝐶𝑜𝑠𝑖𝑛𝑒(𝑄, 𝐷) =
𝑄 ∙ 𝐷

|𝑄||𝐷|
       (1) 

where Q is the multinomial distribution of the query (i.e., an abstract) q over topics; D is the 

multinomial distribution of an article d in the corpus over topics.  

 

The feature of similar peers’ citation choices captures the wisdom of crowds in the reference lists of 

academic articles. The proposed feature puts more weights to the citation choices of topically similar 

papers, and in the meantime, captures the public opinions in citation choices (e.g., scientific article 

popularity). The underlying rationale is that prior citations choices by similar articles provide value 

for authors when deciding which papers to cite in their studies. The feature of similar peers’ citation 

choices will be constructed based on topical similarity and paper citation network.  

𝑆𝑖𝑚𝑖𝑙𝑎𝑟_𝑝𝑒𝑒𝑟𝑠′_𝑐𝑖𝑡𝑎𝑡𝑖𝑜𝑛_𝑐ℎ𝑜𝑖𝑐𝑒𝑠𝑞𝑑 = ∑𝑡𝑜𝑝𝑖𝑐𝑎𝑙_𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦𝑞𝑖 ∙ 𝑐𝑖𝑑     (2)

𝑛−1

𝑖

 

where i is an article in the corpus except for d. 𝑐𝑖𝑑 is a binary variable that denotes the citation choice 

of the article i to the article d. 𝑡𝑜𝑝𝑖𝑐𝑎𝑙_𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦𝑞𝑖  is the topical similarity between the query 

article and the article i. 

 

We employ two types of classifiers, namely logistic classifier and SVM-MAP, to learn the weights 

of the two features in predicting the citation choices for a research study. SVM-MAP, proposed by 

Yue et al. (2007), trains a support vector machine for optimizing mean average precision. Then, we 

combine the two features in a linear model to product a document score, which is used to rank the 

documents. 

𝑠𝑐𝑜𝑟𝑒(𝑞, 𝑑) = 𝑤1×𝑡𝑜𝑝𝑖𝑐𝑎𝑙_𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦𝑞𝑑 + 𝑤2×𝑠𝑖𝑚𝑖𝑙𝑎𝑟_𝑝𝑒𝑒𝑟𝑠′_𝑐𝑖𝑡𝑎𝑡𝑖𝑜𝑛_𝑐ℎ𝑜𝑖𝑐𝑒𝑠𝑞𝑑    (3) 

where 𝑤1 and 𝑤2 are the trained weights for the two features, topical similarity and similar peers’ 

citation choices, respectively. 

 

3.1 Evaluation 

To evaluate the performance of our citation recommendation algorithm, we conduct experiments on 

a standard dataset, the ACL Anthology Reference Corpus (ACL-ARC), which contains 10,921 

articles and 38,767 references to articles inside the ACL-ARC from 1965 to 2007 in the field of 

Computational Linguistics (Bird et al., 2008), and compare with existing methods. We use Bethard 

and Jurafsky’s search model, which incorporates many complex features to measure scientific article 
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popularity, recency, citing snippets, topic-related citing pattern, and social habits, as the baseline. 

For our experiment, we exclude articles that do not satisfy the three conditions, consistent with the 

experiment of Bethard and Jurafsky (2010): (1) articles have full text with document length 

exceeding 5 words; (2) articles have at least five references remaining after discarding the references 

to articles outside the processed corpus; (3) articles are published between 2000 to 2006. Besides, 

we also use articles published from 2000 to 2003 as training set, those published in 2004 as 

development set, and those published from 2005 to 2006 as test set. The summary statistics of the 

training and test set is shown in Table 1. 

 

We concatenate the title and abstract of an article as the query, and have our recommendation model 

returns the top N articles, which are possible to be cited by the query article. Then, we compare the 

recommended list against the reference list of the query article using mean average precision as the 

quantitative measure. Mean average precision is commonly applied to evaluate a ranked list across 

different queries in IR system. It gives the highest score when all correct predictions precede all 

incorrect predictions.   

 

 Train Dev Test 

Years 2000-2003 2004 2005-2006 

Articles 619 318 864 

References 4734 2545 7637 

Refs/Article 7.6 8 8.8 

Table 1. Training, Development, and Test Data from the ACL Anthology Reference Corpus  

 

Experiments on the development data with 318 articles show that our algorithm using only 2 features 

significantly outperforms Bethard and Jurafsky’s method using 19 features. As shown in Table 2, 

when retrieving top 100 reference articles for each article (i.e., 𝑁 = 100), we obtain the mean 

average precision of 21.13, while that of Bethard and Jurasky’s is 7.9; when N=2000, our method 

increases by 11.16 over existing method in terms of MAP. In the experiments, logistic model is used 

as the linear classifier. We also plan to implement SVM-MAP as the classifier to get the mean 

average precision, and compare with that of logistic model. We will choose the classifier that gives 

the highest mean average precision. Then, we plan to conduct experiments on the test data with 864 

articles to further evaluate the performance of our method. 

 

Features MAP (N = 100) MAP (N = 2000) 

All behavioral features (Bethard et al., 2010) 7.9 10.7 

Our proposed features 21.13 21.86 

Change over existing method +13.23 +11.16 

Table 2. Comparison of mean average precision on the development set with the method of 

Bethard and Jurafsky’s  (2010).  

Notes: Logistic model is used as the linear classifier. N is the number of reference articles 

retrieved for each article. The single iteration training is applied in learning the model weights. 

 

Journals # of articles Year 

Information Systems Research  862 1990-2016 

MIS Quarterly 1,747 1977-2016 

Journal of Management Information Systems 1,284 1984-2016 

Total 3,893 1977-2016 
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Table 3. Summary Statistics of the Journal Data 

 

4. Follow-up Analyses and Expected Contribution 
We plan to first collect journal data and reference data to construct a paper citation network within 

the three IS journals. 

 

4.1 Journal Data and Reference Data 

Our data include 3,893 abstracts and titles of all research studies published from 1977 to 2016 in the 

three well regarded top IS journals: Information Systems Research (ISR), Journal of Management 

Information Systems (JMIS), and MIS Quarterly (MISQ). We plan to go through the reference lists 

of all the articles; only the references to the articles within the three IS journals will be collected to 

build the reference dataset. In other words, our reference dataset contains the citation relationships 

among articles within the three journals. Table 3 gives the summary statistics of the journal data. 

 

Then, we plan to implement the citation recommendation method on ISTopic.org 

(http://www.istopic.org/)   to build a literature search tool for the IS community. Further, we plant 

to conduct a user study to compare our literature search system with existing systems, such as Google 

Scholar and Scopus, in terms of usability. 

 

4.2 Expected Contribution 

This study contributes to the IR literature by proposing a novel citation recommendation algorithm, 

which is shown to significantly outperform existing method using many complex features. The 

proposed method has achieved better efficiency and accuracy. Besides, the study contributes to the 

IS community by developing an intelligent literature search tool, which enables a fast and 

comprehensive article searching. The literature search tool facilitates the article searching, as well as 

provides guidance of literature exploration for individual researchers, especially the exploration of 

new research areas. 
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Abstract 

Search advertising is one of the most important advertising channels. Various academic studies 

are conducted to improve the effectiveness and efficiency of search advertising. However, they do 

not provide guidelines on how people should be treated after they are attracted to the website. In 

this paper, using the advertising data and visitor browsing data on a Chinese supermarket’s online 

store, authors try to compare the behaviors between product searchers and website searchers. The 

results of this study show that product and website searchers have different shopping behaviors 

and have different choice of revisit channels. The results of this study uncover the searchers’ 

different behaviors when they use different search keywords. They can help e-commerce 

companies to identify the potential buyers based on the searchers’ different search queries and 

select appropriate advertising strategies to attract visitors to come back. 

 

Keywords: Search Engine, Search Keywords, Shopping Behaviors, Direct Visit 

 

 
1. Introduction 
According to eMarketer (2016), in 2017 the search advertising spending in US will be $32.32 

billion and the spending will increase in the following years. Various studies have dedicated 

themselves to improve the effectiveness and efficiency of search engine marketing from the 

perspectives of the search engine, the competition between advertisers, and the behavior of the 

searchers (Yao and Mela 2011). Because the search engine is a non-broadcast medium in which 

visitors must actively search for information (Hodkinson and Kiel 2003), the characteristics of 

search keywords have drawn much attention to explore the interaction of generic and branded 

search (Rutz and Bucklin 2011), the effect of keywords’ semantic characteristics (Rutz et al. 2011). 

While these studies certainly can significantly help to improve the effectiveness and efficiency of 

search advertising, they do not provide guidelines on how people should be treated after they 

access the website through search engine. For example, people who access an e-commerce website 

through search engine belong to two categories, with one being searching a product and another 

being searching the website. Product searchers usually use the product name or product category 

as keywords and access a website through the link provided by the search engine. Website 

searchers, on the other hand, treat search engine as a convenient way of accessing the website 

(Jansen et al. 2008) . It is not an unreasonable assumption that a product searcher could be at 

different stages of the purchase funnel than a website searcher and have different shopping 

behaviors (Moe 2003). Therefore, e-commerce websites may take different onsite marketing 

strategies to convert them and different offsite strategies to attract them back. It will be greatly 
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beneficial to distinguish the behavioral features of these two types of search engine users to 

improve the effectiveness of the marketing strategies. However, despite the academic and 

practice request, we have not yet found IS studies that investigated the difference between 

product and website searchers. Most studies did not take into consideration the difference 

between these two types of users. Practitioners thus request further understanding on the 

searchers’ behaviors. 

To bridge the gap, this paper seeks to study the behavioral difference between product searchers 

and website searchers when they arrive and come back to an e-commerce website. Specifically, 

we seek to find the behavioral indicators associated with the purchase during the visit. We also 

investigate the circumstances under which a user comes back to the website and the difference 

between the two types of search engine users. We develop our model based on the purchase funnel 

model and test the model using the click stream data provided by the website of a major super 

market in China. The project is still in process but we believe that our results will make important 

theoretic contributions and have significant practical implications. 

The paper is organized as follows. Section 2 reviews related literature and section 3 presents the 

hypothesis development. Section 4 describes the data, method, and preliminary results, followed 

by discussions in section 5. 

 

2. Related Work 
 

2.1 Product Searchers vs. Website Searchers 

Visitors have different intentions when they access an e-commerce website by searching the 

product information or the website’s name (Jansen et al. 2008). For the product searchers, they 

type the product-related keywords in the search engine and access the website through the link 

provided by search engine. Product searchers expect to purchase the desired products (or services) 

or search for the related information. They understand what they want and have specific goals 

(Rutz et al. 2011). For the website searchers, they know where to go and type the e-commerce 

website’s name in the search engine (Jansen et al. 2008). Website searchers just treat the search 

engine as an intermedia to fulfill larger searching goals (Jansen et al. 2008). Therefore, they are 

more likely to be at different stages of purchase funnel and have more diversified goals than 

product searchers (Jansen et al. 2008). 

 

2.2 Purchasing Funnel 

The processes of consumers purchasing on the Internet can be divided into five stages: Problem 

Recognition, Information Search, Evaluation of Alternatives, Choice/Purchase, and Post-

Purchase Behavior (Butler and Peppard 1998). Consumers’ shopping behaviors are different 

when they are in different stages. Consumers who are in later stages are closer to make a 

purchase (Butler and Peppard 1998). They will focus the search, brand and product-related pages 

(Moe 2003). For example, these consumers are likely to use the search function or browse the 

branded stores in the website to find desired products; then they will view the details of the product 

to make the purchase decision. Consumers who are in earlier stages are far away from purchase 

(Butler and Peppard 1998). They do not have a specific buying goal and just browse the website 

for fun (Moe 2003). This kind of visitors would focus on the category level pages (Moe 2003). 

 

3. Hypothesis Development 
The website server of an e-commerce store documents a visitor’s behaviors using following 

measures, number  of  pages,  channel,  promotion,  category,  brand,  product  and  visit 

method including direct visit, visit through search engine or visit through display advertising. 
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Number of pages refers to the total number of pages that visitors have browsed on the website. An 

e-commerce website contains different types of web pages. The website itself can be divided 

into different channels, such as drinks, food, cloths etc. It is like the Amazon’s Departments. 

The pages that provide the information about the promotional products and deals are referred to 

promotion. The pages that display all products under the specific product category is referred as 

category. The pages that display the information (including products) about one specific brand 

is referred to the brand. The pages that provide detailed information about a specific product is 

referred as product in this paper. The visit methods that customers could use to access the 

website include the direct visit, display advertising and search engine. The display advertising 

is a banner or graphical icon that attached to the other external websites. When customers click 

the display advertising, they would be redirected into the ecommerce website. The website use 

the retargeting technology to deliver the display advertising: all display advertising are exposed 

to the customers who have visited the website before. 

The product searchers know what they want (Rutz and Buklin 2011) and have more clear goals 

in their mind (Jansen et al 2008). Therefore, they are more likely to be at the later stages of the 

purchase funnel that more close to the purchase (Butler and Peppard 1998). However, the 

website searchers have more diversified intentions (Jansen et al 2008) and use different shopping 

strategies to browse the website (Moe 2003). They use the search engine as a navigational tool 

aiming at satisfying some bigger searching goals (Jansen et al 2008). It is possible that they visit 

the website to buy something, search the information for the future purchase, kill some time for 

fun or build the knowledge about the website (Moe 2003). 

Compared with the website searchers, the product searchers have more specific goals (Jansen et 

al 2008). They major purpose is to find the information about the product in the website (Moe 

2003). Therefore, they are likely to read more pages that provide product-related information 

(Butler and Peppard 1998). For example, they are likely to use the channel page and category 

pages to quickly review what products the website have under the specific category; use the 

brand page to review all related products under the specific brand; use the product pages to 

carefully read the detail of the products. 

Hypothesis 1: The product searchers would read more channel, promotion, category, brand 

and product pages than website searchers. 

When the customers have a strong intention to purchase, they are likely to deeply interact with 

the website to find out the desired products or deals (Moe 2003). Because the website searchers 

are more familiar with the website, they could use their internal knowledge about the website 

and products to locate the information or find out the desired products (Bettman 1970). However, 

the product searchers are less familiar with the website than the website searchers (Ghose and 

Yang 2009). They need much external search (e.g., spend too much pages to finding out the 

information) before making a purchase decision (Park et al. 1989; Wildemuth 2004). Therefore, 

the product searchers who have purchased would read more pages than the website searchers 

who have purchased. 

When customers do not purchase from the website, it is likely that the product searchers do not 

find out the best deal in the website and would continue to search in other websites (Rutz et al 

2011). However, the website searchers who do not purchase are likely to have diverse motivations: 

want to buy something but do not find the best deal, search the information for their future purchase, 

kill some time on the website for fun, or just find some knowledge about the website (Moe 2003). 

 

Therefore, when the customers do not purchase, the product searchers are more likely to have 

narrow shopping behaviors and browse less pages than the website searchers. 

Hypothesis 2: The product searchers who have purchased would read more pages than the 
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website searchers who have purchased (H2a); however, the product searchers who do not 

purchase would read less pages than the website searcher who do not purchase (H2b) 

Above hypotheses focused on visitors’ onsite shopping behavior, while following hypotheses 

are about the strategy of attracting different search engine users to revisit the website. 

Product searchers visit the website because of their previously defined shopping needs (Jansen 

et al. 2008). Compared with website searchers who use the search engine as a convenient way 

to access the website, product searchers usually have less previous experience with the website 

but have more knowledge about the products they are seeking (Jansen et al. 2008). On the one 

hand, because the product searchers are on the journey of searching products, they may focus 

on the shopping task they have in mind (Jansen et al 2008). Therefore, if they do not make the 

purchase, they are less likely to remember the website. 

On the other hand, product searchers may also have visited more other e-commerce websites 

before the visit than website searchers. And being able to make a purchase at a website suggests 

the end of their searching journey, otherwise the journey continues (Rutz et al 2011). Therefore, 

they are more likely to associate with the website where they make the purchase with a sense of 

accomplishment and consequently they are more likely to remember the website and come back 

directly (Wolfinbarger and Gilly, 2011). 

Hypothesis 3: the product searchers who have purchased from the website are more likely to 

revisit the website direct than the website searchers who have purchased (H3a); however, the 

product searchers who do not purchase are less likely to revisit the website directly than the 

website searchers who do not purchase (H3b). 

According to the spillover effect, search engine users could also use other visit methods (e.g., 

display advertising) to visit the focal store (Li and Kannan 2014). The website searchers are less 

likely to revisit the focal website through the display advertising than the product searchers. The 

website searchers are likely to be the “loyal” consumers who are inclined to buying from the 

store (Ghose and Yang, 2009). Then when they have purchase needs to fulfill, they are likely to 

follow their old visit methods to access the website (e.g., store search) (Supphellen and Nysveen 

2001), because the familiar method could reduce the information searching cost (Li and Kannan 

2014). However, for the product searchers, the information in the display advertising and the 

advertising (or recommendation) in the product search both arrive exogenously (Ghose and 

Adamopoulos 2016). The product search is different from the website search that the customers 

use the search engine to actively gather the information about the store (Ghose and 

Adamopoulos 2016). The similarity of display advertising and product search can reduce the 

cost of information searching and processing (Li and Kannan 2014). Therefore, the product 

searchers are more likely to revisit the focal website through the display advertising than the 

website searchers. 

Hypothesis 4: the product searchers are more likely to revisit the website through the display 

advertising. 

4. Method 

 
4.1 Data 

We used the advertising data and visitors’ browsing data on an e-commerce website. The website 

is the online store of a famous supermarket in China. The data started from January 1 to March 

31 in 2017. We selected the samples in which users accessed the website through search 

engine websites (i.e., www.baidu.com, www.so.com, www.sogou.com). There were 43763 visit 

sessions selected: 29403 product search sessions and 14360 website search sessions. Due to the 

page limit, we do not introduce the preprocess procedure in detail in this paper. 
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4.2 Coding and Analytic Approaches 

Manual coding was performed for the data in this study. A search term was coded as the product 

search if it contained the information about the product category or the product brand but without 

the information about the website (e.g., website’s name). A search term was coded as the website 

search if it contained the website’s name but without any information about the product. 

In this paper, we try to compare the shopping behaviors between the store searchers and the 

competitor searchers. Therefore, we used the t-test to analyze the data. In order to reduce the effect 

of the inequality of variance, we first used Levene’s test for equality of variance. If the variance 

was equal, pooled variances was used in the calculation; when equal variances could be assumed, 

un-pooled variances and correction to the degrees of freedom were used (Ruxton 2006). 

 
4.3 Results 

The results show that the product searchers read more channels, promotion, category, brand and 

product pages than the website searchers who have purchased. Therefore, the hypothesis 1 is 

supported. 

The results show that the product searchers who have purchased have higher number of pages 

than the website searchers who have purchased (43.5595 vs. 33.6839, p=0.000). However, the 

website searchers who do not purchase have higher number of pages than the product searchers 

who do not purchase (12.0276 vs. 3.0311, p=0.000). Therefore, the hypothesis 2 is supported. 

The results show that the product searchers who have purchased from the website are more likely 

to revisit the website directly than the website searchers who have purchased. The product 

searchers’ Next Visit is significantly higher that the website searchers’ (0.2546 vs. 0.1477, 

p=0.000). However, the website searchers who do not purchase from the website are more likely 

to revisit the website directly than the product searchers who do not purchase (0.0888 vs. 0.0401, 

p=0.000). Therefore, the hypothesis 3 is supported. 

The results show that the website searchers are more likely to revisit the focal website through 

the display advertising than the product searchers. Therefore, the hypothesis 4 is supported. 

 

5. Discussion 
In this paper, we examined the behavioral difference between product searchers and website 

searchers. The findings show the significant difference between the two kinds of searchers on 

the focal e-commerce website. In addition, the findings also show the effect of purchasing action 

on the revising choice (i.e., direct revisit). However, the findings show that the purchase action 

do not affect the choice of display advertising click in the next visit 

The preliminary results suggest that there is apparent difference between product searchers and 

website searchers. Different type of searchers has different shopping behaviors in the e-

commerce website and choose different revisit channels to come back. We are still in the process 

of developing the theoretic framework of this study and to make a specific theoretic contribution. 
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Abstract 
 

Online retailers often use consumers’ prior browsing behaviors to retarget consumers on their 

website. We use data from a real-world randomized experiment in collaboration with a major 

European online retailer to study the effect of onsite retargeting. In particular, we aim to 

examine the effectiveness of two types of retargeting, retargeting based on previously viewed 

items (view-based retargeting), and retargeting based on items in a consumer’s wish list 

(wishlist-based retargeting). In our experiment period, an individual who visited the front page  

of the website was exposed to an impression, which consists of a source product and three 

recommended products. We find that wishlist-based retargeting is more effective in attracting 

clicks and conversions for the source products compared to view-based retargeting; however,  

the incremental effectiveness of wishlist-based retargeting declines for recommended products 

displayed along with the source product. We discuss the mechanisms that may be at play and 

implications for business. 

 

Keywords: field experiment, retargeting, personalization, product recommendation 

 

1. Introduction 
The availability of detailed customer information enables firms to adjust their marketing 

strategies closely to the needs of individual consumers (Arora et al. 2008). Online retailers 

increasingly target consumers with personalized recommendations that are more relevant and 

induce higher response rates (Ansari and Mela 2000; Haubl and Trifts 2000). Personalized 

recommendations are offered to consumers in various forms: personalized retargeting ads in 

third party websites (Bleier and Eisenbeiss 2015), personalized e-mails (Wattal et al. 2012), or 

personalized onsite recommendations (e.g. on the retailer’s website homepage). Prior studies 

examined the effectiveness of third-party website retargeting based on products that consumers 

have previously viewed, purchased, or left in their shopping cart, and showed that retargeting is 

more effective than generic ads (Bleier and Eisenbeiss 2015; Lambrecht and Tucker 2013). 

However, there is no evidence on the effectiveness of onsite retargeting, and more precisely the 

source used for retargeting (i.e. the product used to generate recommendations). In this study, 

we focus on personalized recommendations which include a retargeted component (a product 

the individual consumer interacted with in the past) and recommendations based on this 

retargeted product. In particular, we examine the effectiveness of two sources of retargeting: 

retargeting based on previously viewed items (view-based retargeting) and retargeting based on 

items in a consumer’s wishlist (wishlist-based retargeting). Consumers may view product pages 

and decide to bookmark the products that they are interested but not ready or convinced to 

purchase, in their wishlist. We further investigate the effectiveness of onsite retargeting for the 

retargeted (source) product and the recommended products. 
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2. Experiment and Data 
We conducted a large-scale randomized field experiment in collaboration with a major European 

online retailer to study the effectiveness of onsite retargeting in May 2016. In our experiment 

period, an individual who visited the home page of the website of our partner company was 

exposed to a set of products (i.e., an impression), which consists of one source (retargeted) 

product and three recommended products (see Figure 1 for an illustrative example). The source 

product is randomly selected from all the products that the consumer has previously viewed or 

added to the wishlist (but not purchased). The recommendation algorithm is based on 

collaborative filtering and generates the three most frequently viewed products based on the 

source product. Our experiment dataset consists of 228,620 impressions by 116,830 unique 

consumers across 197,976 unique sessions. Our unit of analysis is at the product-impression 

level. The behavioral outcome variables are click-through and conversion. See summary  

statistics of key variables in Table 1. 

 
Figure 1. View-Based Retargeting and Wishlist-Based Retargeting 

 

 

3. Empirical Analysis and Results 
When a consumer visited the front page of the website, she is exposed to an impression i, 

which consists of a source product and three recommended products. For each product j, we 

observe whether the consumer clicked on the product link, and whether she purchased the 

product. For simplicity, we use Outcomeij to denote the dependent variable of interest (Clickij 

or Conversionij). We model the click-through (conversion) probability using a logit 

specification: 

 

where Uij is the latent utility of clicking (or purchasing) product j in impression i. We specify 

Uij as follows: 

 

 
We include a consumer specific intercept αi to account for unobserved heterogeneity in click 
propensity across impressions. We inlude an indicator for wishlist-based retargeting (WisMi) 

to capture the difference in effectiveness between wishlist-based and view-based retargeting, 
an indicator for the recommended products (Recij) to capture the difference between the source 

product  and recommended products,  as well  as an interaction term (WisMi ✕ Recij). We   

further control for ln(TempDisti) (the number of days since a consumer interacted with the 

retargeted product), and other consumer, impression and product characteristics (i.e., Zij). 

 

a. View-Based 
Retargeting 

b. Wishlist-Based 
Retargeting 
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Table 1. Summary Statistics of Key Variables 
 

(A) Summary statistics at impression level 

Variable Obs Mean Std. Dev. Min Max 

Wish 228,620 0.173 0.378 0 1 

Any Click 228,620 0.027 0.161 0 1 

Total Products Clicked 228,620 0.027 0.168 0 4 

Any Purchase 228,620 0.032 0.176 0 1 

Total Products Purchased 228,620 0.037 0.219 0 4 

Temporal Distance 228,620 14.314 16.938 1 94 

Total Impressions 228,620 1.356 0.777 1 10 

Order of Impression 228,620 1.178 .521 1 10 

Same Product Repetition 228,620 1.354 1.102 1 40 

Tenure 223,896 2394.585 1508.779 0 6237 

Age 163,981 41.702 14.813 11 89 

Male 224,930 0.538 0.499 0 1 

Frequency 228,621 14.769 66.790 0 3805 

Monetary Value 177,126 344.595 256.711 0 999 

(B) Summary statistics at product-impression level 

Variable Obs Mean Std. Dev. Min Max 

Click 914,480 0.007 0.083 0 1 

Purchase 914,480 0.009 0.096 0 1 

Price 910,420 67.620 195.276 0.1 16275 

 

The results are presented in Columns 1 and 2 of Table 2. Results show that impressions based 

on wishlist-based retargeting achieves higher click and conversion probability; however, the 

effectiveness of the product recommendations based on wishlist-based retargeting is lower. 

To explain these findings, we draw on previous literature on consumer purchase funnel 

(Hoban and Bucklin 2015; Strong 1925) and preference stability (Hoeffler and Ariely 1999; 

Simonson 2005). Consumers who add a product in their wishlist, express more clear 

preferences towards that product and are likely at a later stage of their purchase funnel for that 

specific purchase need, compared to consumers that view products in an exploratory manner 

without expressing any further preference. This is the reason why retargeting those consumers 

at a later stage of the purchase funnel (e.g., wishlist-based retargeting) is more effective than 

retargeting consumers at an earlier stage (e.g., view-based retargeting) (Lambrecht and Tucker 

2013; Moriguchi et al. 2016). However, recommendations based on wish-listed products are 
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less effective than recommendations based on viewed products, suggesting that providing 

alternative 
 

Table 2. Logit Regression: View-based Retargeting versus Wishlist-based Retargeting 
 

 (1) (2) (3) (4) 

VARIABLES Click-

Through 

Conversion Click-

Through 

Conversio

n Wish 1.298*** 1.174*** -0.257 0.546*** 

 

Rec 

(0.072) 

-0.081* 

(0.076) 

-

1.986*** 

(0.223) 

-0.879*** 

(0.190) 

-2.504*** 
 (0.044) (0.040) (0.094) (0.086) 
Wish × Rec -0.908*** -0.457*** 0.490* -0.277 

 

ln(TempDist) 

(0.084) 

-0.271*** 

(0.094) 

-

0.775*** 

(0.287) 

-0.689*** 

(0.276) 

-0.947*** 
 

ln(TempDist) × Wish 

(0.019) (0.024) (0.046) 

0.681*** 

(0.034) 

0.287*** 
 

ln(TempDist) × Rec 

  (0.074) 

0.482*** 

(0.064) 

0.325*** 
 

ln(TempDist) × Wish × Rec 

  (0.052) 

-0.661*** 

(0.047) 

-0.212** 
 

ln(Price) 
 

0.084*** 

 
-0.170*** 

(0.094) 

0.083*** 

(0.095) 

-0.171*** 
 

Total Recommendations 

(0.020) 

0.294*** 

(0.023) 

0.106*** 

(0.020) 

0.290*** 

(0.023

) 

0.103*

* 

 (0.024) (0.040) (0.024) (0.040) 
Order of Recommendation -0.190*** 0.025 -0.190*** 0.024 

 

Same Recommendation 

Repetition 

(0.038) 

-0.155*** 

(0.059) 

-

0.426*** 

(0.038) 

-0.156*** 

(0.059) 

-0.429*** 
 

ln(Tenure) 

(0.030) 

-0.128*** 

(0.038) 

-

0.137*** 

(0.030) 

-0.127*** 

(0.038) 

-0.137*** 
 

Age 

(0.018) 

0.008*** 

(0.022) 

0.011*** 

(0.018) 

0.007*** 

(0.022) 

0.011*** 
 (0.001) (0.001) (0.001) (0.001) 
Male -0.005 -0.235*** -0.009 -0.238*** 

 (0.035) (0.043) (0.035) (0.043) 

ln(Frequency) 0.038 -0.469*** 0.038 -0.470*** 

 (0.042) (0.046) (0.042) (0.046) 

ln(Monetary Value) -0.002 0.550*** -0.000 0.553*** 

 (0.030) (0.034) (0.030) (0.035) 
Observations 497,837 497,837 497,837 497,837 
Number of impressions 124,970 124,970 124,970 124,970 
Country dummy Yes Yes Yes Yes 
Category dummy Yes Yes Yes Yes 
Day dummy Yes Yes Yes Yes 
Hour dummy Yes Yes Yes Yes 
Log likelihood -20785 -22609 -20726 -22576 

Note: Robust standard errors in parentheses clustered at impression level; *** p<0.01, ** p<0.05, * p<0.1 
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recommendations to explicitly preferred products is less efficient than providing recommendations 

based on less concretely favorable products (Bleier and Eisenbeiss 2015; Hoeffler and Ariely 

1999). 

 

There is further evidence that the effectiveness of retargeting varies depending on the temporal 

distance between consumers’ website visit and product retargeting (Bleier and Eissenbeiss 2015). 

Therefore, we also include the interaction between ln(TempDisti) and  the  key  indicator  

variables (Wish and Rec) (Columns 3 and 4 of Table 2). We find that temporal distance has a 

negative effect on click and conversion probability, indicating that product retargeting loses 

effectiveness as time passes. However, this negative timing effect is smaller (in magnitude) for 

wishlist-based retargeting than view-based retargeting. Moreover, when comparing source 

products and recommended products, the effectiveness decline is steeper for retargeted compared 

to recommended products. Further, the effectiveness of recommended products based on wishlist-

based retargeting declines faster over time compared to recommendations based on view-based 

retargeting. 

 
4. Robustness Checks and Empirical Extensions 
We conducted a comprehensive set of analyses to check the robustness of the results. First, we 

control for potential position effect and the price difference between the source and recommended 

products, the results remain consistent. Second, we run alternative model specifications, including 

a logit model with consumer-specific random intercept, a logit model with consumer fixed effects, 

l logit model with only consumers with both view-based re- targeting and wishlist-based 

retargeting included, a probit model with impression-specific random in-tercept, and a probit 

model with consumer-specific random intercept. The main results are robust. Finally, we have 

investigated heterogeneity in treatment effects across different consumer groups (based on prior 

purchase frequency and spending), different price levels, and different product types (search vs. 

experience goods). 

 
5. Conclusion and Discussion 
In this study, we use data from a large-scale randomized field experiment to compare the 

effectiveness of two types of onsite retargeting, i.e., view-based retargeting and wishlist-based 

retargeting. Results show that wishlist-based retargeting is more effective than view-based 

retargeting in generating clicks and conversions for the source products, but the incremental 

effectiveness of wishlist-based retargeting declines for recommended products displayed along 

with the source product. In addition, we find that both types of retargeting lose effectiveness as 

time passes, but this negative timing effect is smaller for wishlist-based retargeting than view- 

based retargeting. This study first contributes to the stream of literature on retargeting and 

personalized recommendation. While prior literature has mainly focused on retargeting based on 

products that consumers have previously viewed, purchased, or left in their shopping cart, our 

study provide insights into the effectiveness of a different type of retargeting, i.e., wishlist-based 

retargeting. Second, we build on the literature on consumer purchase funnel that suggests that for 

the source product, retargeting those consumers at a later stage of the purchase funnel is more 

effective than retargeting consumers at an earlier stage; but alternative recommendations are less 

effective for consumers are at a later stage of the purchase funnel and have explicit preferences 

than those at an earlier stage of the purchase funnel. Our results provide implications for 

practitioners to better utilize onsite retargeting to generate clicks and conversions. 
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Abstract 
 

The objective of this paper is to understand the factors related to gameplay duration in freemium 

mobile games, one kind of hedonic IT services. We estimate the user retention and find some 

interesting aspects by analyzing a very large user-level gameplay log dataset collected from a 

Korean mobile game company. We focus our investigation on three aspects: the effect of intrinsic 

and extrinsic motivation, and social interaction. To test our hypotheses, survival analysis is carried 

out since we need to consider censored gameplay duration as our dependent variable. The results 

interestingly show that the effect of intrinsic motivation is negative on the gameplay duration, but 

the effect of social interaction factor is positive. Finally, expected contribution and the major 

challenge of this research are discussed. 

 

Keywords: Hedonic IT Service, Mobile games, Casual games, Freemium game, Survival analysis, 

Retention 

 

1. Introduction 
The growth of the mobile game market has been remarkable, and many mobile game companies 

fiercely compete to survive. They continue to ride the growing wave of the freemium pricing strategy 

for their monetizing methods, and they depend on sales of virtual items as their main source of 

revenue (Hanner et al. 2015; Kimppa et al. 2016). Freemium (Free & Premium) means that users 

play a game for free and can then obtain additional functionality by paying extra money. Since this 

model offers users free entry into a game, the game providers can easily obtain many new users. In 

other words, users can easily move to another game when they are bored. This kind of situation 

frequently happens in mobile casual games among various mobile game genres. Since many mobile 

casual games are released with similar functionality and design, the retention rate of mobile casual 

games is relatively low (Runge et al. 2014). In this regard, it is important to figure out the factors 

that affect user retention in mobile games. Therefore, this study specifically investigates the 

following research question: what factors affect gameplay duration in mobile games? More 

specifically, this study looks into the effect of intrinsic/extrinsic motivation and social interaction on 

gameplay duration. To find the answer, this study is to investigate playing behaviors in a mobile 

game with the freemium model by analyzing a huge user-level log dataset. 

The remainder of this paper is organized as follows. In Section 2, previous theoretical studies are 

reviewed. In Section 3, a research model and relevant hypotheses to verify the model are suggested. 

Section 4 explains a dataset from one of Korea mobile game companies and analyzing method 

considered our data feature. Section 5 shows the empirical results and discusses the results. Finally, 

Section 6 presents the conclusion of this research and a future research plan. 

 

2. Literature Review 
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2.1 New Hedonic IT Service: Games 

During the last decade, games have become a big part of entertainment, consumer culture, and 

people’s daily lives. In this circumstance, IS researchers are fascinated to study users behavior in 

games. They consider games as a type of hedonic information systems and find that perceived 

enjoyment is an important factor to intention to use hedonic IT services (Van der Heijden 2004; Hsu 

and Lu 2004). According to Hamari et al. (2015), 435 papers related to games are published in 

SCOPUS database excluding natural and medical sciences from 2004 to 2014. However, most of 

these papers use Structural equation modeling as their research methodology, and only six papers 

employ regression analysis.  

 

2.2 Retention Analysis for Hedonic IT Service 

User retention of mobile games quite short compared to other IT hedonic systems. Besides, casual 

mobile games have relatively shorter user retention than other types of games do. Casual games can 

have any gameplay, and fit in any genre. They are typically distinguished by their simple rules 

comparing to complex hardcore games. They require no long-term time commitment or special skills 

to play. Also, producers need comparatively low production and distribution costs. Due to these 

characteristics, casual games are especially suitable for the mobile environment. In this regards, 

numerous mobile casual games are released with similar design and function, and users easily move 

to other mobile casual games when they are bored. Therefore, the retention rate of mobile casual 

games is relatively low (Runge et al. 2014). 

 

3. Research Hypothesis  
Van der Heijden (2004) explains that user acceptance of IT service is determined by extrinsic and 

intrinsic motivation. Especially for hedonic IT service case, intrinsic motivation is stronger predictors 

of intention to use than extrinsic motivation. Intrinsic motivation is benefits derived from the 

interaction with the service per se. Accordingly, we hypothesize that intrinsic motivation such as 

enjoyment can have a positive effect on behavioral intention to use as follows. 

H1: The intrinsic motivation has a positive effect on user’s retention in hedonic IT service. 

In addition, people tend to be highly motivated by elaborated goals that are specific, difficult but 

achievable (Khansa et al. 2015). In the game case, users normally try to accomplish explicit and 

attractive goals such as achieving higher level or gaining more score (Choi and Kim 2004). To attract 

players, game developers make multi-tiered goal structures by reducing users’ tediousness (Cotton 

2011). Therefore, we hypothesize that extrinsic motivation such as user’s achievable level or score 

can have a positive effect on user’s retention as follows. 

H2: The extrinsic motivation has a positive effect on user’s retention in hedonic IT service. 

This study also examines the effect of social behavior on the user retention in hedonic IT service. 

Previous research finds that social factors have a positive impact on intention to use in IT systems. 

For game case, the social interaction among users functions as an important feature of the game 

(Thurau and Bauckhage 2010). Various entertainment elements come from the multiplayer 

experience although users could play the game on their own. For example, users can compare their 

level, score, and items to those of their friends. The comparison is able to boost intention to use for 

getting higher level or score than their friends. In addition, users can send message or present virtual 

items to their friends to show friendliness. Accordingly, the third hypothesis is formulated as follows: 

H3: The social interaction has a positive effect on user’s retention in hedonic IT service. 
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4. Data Collection and Analysis 
4.1 Data Collection 

The dataset used for this paper is a huge user-level gameplay log dataset collected from one Korean 

mobile game company. The strength of analyzing the user-level log data is providing behavior 

information more objectively and accurately than self-reported behavior data from surveys. The 

chosen game is one of the famous mobile casual games in Korea released in 2013. The data contains 

the gameplay and in-app purchasing behavior of each user. Although there is no rule of thumb 

regarding the suitable length of a dataset time window, one year is selected based on opinions of 

field experts. According to them, the lifecycle of mobile casual games quite short related to other IT 

hedonic systems. Specifically, the user is considered as a past player if the user did not play within 

three weeks. Thus, the number of utilized dates records a total of 365 days in 2015. Positioning user 

identifier variable as a panel variable, this study reformulates the dataset into a monthly panel dataset. 

The total number of users is 1,468,512. Figure 1 presents screenshots of the mobile casual game. 

 

  

Figure 1. Snapshot of the Mobile Casual Game 

 

4.2 Variables 

In this paper, we adopt Gameplay duration as our dependent variable to verify the factors affecting 

gameplay duration in the mobile casual game. It is defined as the number of days between the user 

joined and s/he stopped playing the game. For instance, the user joined the game in 9th February 2015 

and left in 25th July 2015, his/her gameplay duration is 158. For independent variables, we measure 

the level of intrinsic motivation as the total playing time during our time window. If the user enjoys 

the game itself, s/he plays the game relatively longer time than other users do. For extrinsic 

motivation, we measure the total sum of scores that the user obtained during one year. The highest 

score shows in his/her profile page. The user will try to get higher score regardless of playing time 

or playing frequency if s/he eagerly wants to show higher score than others do. In this case, we can 

say the user motivated by the extrinsic factor. For social interaction, we measure the total number of 

sending and receiving virtual items with friends in the game. Since our research investigates the 

effect of intrinsic/extrinsic motivation and social interaction, we decided to control users’ behavioral 

features related to items such as the number of received free items, used items, and purchased items 

during the time window. The details are summarized in Table 1. 
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Table 1. Summary of Key Variables 

Variable Definition 

Dependent 
variable 

Gameplay_duration 
Number of days from joining and 
leaving the game 

Independent 
variable 

Intrinsic motivation play_ frequency Total playing time  

Extrinsic motivation total_score Total score  

Social interaction interaction_frequency 
The total number of sending and 
receiving virtual items 

Control 
variables 

Free-item effect free_frequency 
The total number of received free 
items 

Used-item effect used_frequency The total number of used items 

Purchased-item effect purchased_frequency The total number of purchased items 

 

4.3 Data Analysis 

The goal of this paper is to investigate the factors related to gameplay duration in freemium mobile 

games, one of hedonic IT services and find how the game company can effectively retain its users. 

Therefore, we apply Survival analysis to our research context. Survival analysis is a type of 

regression model that captures the changes of a probability of survival over time. In this paper, the 

event is defined as users’ leave. The hazard ratio of predictor indicates how the relative likelihood of 

the event increases or decreases with an increase or decrease in the predictor. In this sense, we use 

Kaplan-Meier estimator (Kaplan & Meier, 1958) and Proportional hazard model (Сox, 1972). 

Furthermore, it is necessary to consider how the data is treated when it is right or left censored since 

the main focus of survival analysis is duration. In this paper, we take the flow sampling method, 

which only considers the users who joined the game during the observation period. By doing this, 

we can reduce the left censoring issue and selection bias (Lancaster & Chesher, 1981). We can obtain 

the join date of all users, but we cannot know the exact leaving date of all users because most of the 

players just stop playing the game without declaring withdrawal. We can know users’ join date and 

behavioral information during one year. Thus, we only consider the flow sampling to deal with the 

selection bias. For example, we analyze samples that joined the game during the observation period. 

 

 

Figure 3. Kaplan-Meier Survival Estimates 

5. Empirical Result and Discussion 
From the Kaplan-Meier (K-M) survival function, we find that the probability of staying in the game 

at the time t continuously decreases and the graphical result is illustrated in Figure 3.  
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Although we can figure out survival rate at the time t with this nonparametric estimator, K-M survival 

estimates, it cannot explain specific effects of the factors on gameplay duration. Therefore, we 

estimate the factors by using Proportional hazard model (PHM). Among variables, we find that 

motivation factors show time-invariant covariates, and the others do time-varying covariates by 

testing the proportional-hazards assumption.  

As shown in Table 2, the PHM result presents social interaction is significantly positive on gameplay 

duration. Interestingly, intrinsic motivation is significantly negative on gameplay duration, but 

extrinsic motivation is not significant. It can be said that the user who plays with others is more likely 

to stay longer than the user who enjoys the game itself. It can be explained by the speed of contents 

consumption. The user who highly intrinsically motivated could spend service contents in relatively 

short time and just leave. In this regards, it can be a good strategy for providers of hedonic IT service 

to continuously update new contents and to encourage interacting with users for spontaneously 

generating new entertainment factors by themselves.  

 

Table 2. PHM Results on Gameplay Duration 

Variables  

Intrinsic motivation play_ frequency - 0.5785 (0.019)*** 

Extrinsic motivation total_score 0.0006 (0.014) 

Social interaction interaction_frequency 0.1181 (0.009) *** 

Free-item effect free_frequency - 0.3638 (0.014) *** 

Used-item effect used_frequency 0.3866 (0.015) *** 

Purchased-item effect purchased_frequency - 0.009 (0.006) 

Total cases 1,468,512 (100 percent) 

Events 1,265,622 (86.18 percent) 

Censored 202,890 (13.82 percent) 

Standard errors in parentheses, * p<0.05, ** p<0.01, *** p<0.001 

 

6. Conclusion 
This study investigates the factors on user retention in hedonic IT service. Unlike previous studies 

that primarily focused on behavioral intention, this paper analyzes the impact of suggested factors 

on actual gameplay duration. Moreover, the dependent variable is conceptualized longitudinally by 

means of a duration indicator and a status such that we can account for right-censored observations. 

The main purpose of this paper is to understand the effects of intrinsic/extrinsic motivation and social 

interaction on users’ retention in hedonic IT services. For this, this paper applies survival analysis to 

investigate the longitudinal behavior of users. The results provide that intrinsic motivation is 

significantly negative; extrinsic motivation is not significant; and social interaction is significantly 

positive.  

To the best of our knowledge, this study offers one of the first empirical evidence that examines the 

factors on user retention by analyzing large-scale game log data. It is also expected that this study 

can give significant implications for hedonic IT service providers. For example, since intrinsically 

motivated users can easily leave the service, the service providers should consistently provide new 

contents to attract the users.  

However, this study is not without limitation. We analyze the effect of suggested factors in one casual 

game only, so we cannot figure out the differences among other games since the effects could be 
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different depending on game genre. Therefore, additional research is planned to obtain data of other 

multiple games and consider game characteristics to strengthen the current results. 
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Abstract 
In recent years, many brands launched business pages on Facebook to engage consumers and 

build brand equity across the globe. Managing these pages across cultures requires a good 

understanding of local audience’s preferences and needs. Yet, there has been limited research on 

cultural differences in user-generated content on social media platforms. We hope to fill this gap 

by analyzing user-generated posts on four global brands’ Facebook pages across four cultures: 

America, Mexico, Australia, and Singapore. Our culture framework includes two dimensions of 

individualist versus collectivist and vertical versus horizontal dimensions. Our results show that 

among the four cultures, (1) American users, who are vertical individualist consumers, are more 

likely to showcase ownership of products; (2) Mexican users, who are vertical collectivist 

consumers, are more likely to make inquiries to the company; and (3) American users post more 

positive WOM and Australia users post more negative WOM. 

 

Keywords: Social Media, Cross-cultural, Word-of-Mouth 

 
1. Introduction 

With the growth and prevalence of social media, many brands have launched business pages on 

Facebook to engage consumers and build brand equity across the globe. To be truly global, brands 

need to reach users in established and emerging markets through localization strategies and cater 

their communication content and strategies to the needs and behaviors of local audiences. Thus, 

many global brands face the challenge of finding the right balance between consistencies across 

borders to protect the brand from dilution and localizing their efforts to resonate with local 

audiences with different cultural value priorities (De Mooij, 2010). 

While there has been considerable research in both social media marketing, electronic word-of-

mouth, and cross-cultural differences in consumer behavior separately, there has been very limited 

research on cultural differences in the social media sphere. Social media platforms such as 

Facebook are fertile grounds and battlefields for electronic word-of-mouth (WOM). For example, 

up until 2015, there have been more than 40 million business pages on Facebook (Facebook 

Business 2015). Businesses launch these pages to engage their consumers and promote positive 

WOM about their products and services (Kiron et al. 2013). 

Compared to traditional marketing, social media marketing on Facebook business pages poses 

several unique challenges. First, as a relatively new channel of communication between companies 

and consumers, the nature of the communication remains largely unknown. The tones and 

dynamics are being collectively defined by all sides of participation. As a result, it is likely to differ 

from both traditional company-consumer interactions and consumer-consumer interactions in 

electronic word-of-mouth and online brand communities. Second, a significant portion of the 

communication is user-generated content which is beyond the control of companies (Armelini and 

Villanueva, 2011). The enthusiastic endorsements of fans are likely to be mixed with the 

complaints from unhappy consumers. Third, communication on Facebook business pages is public 
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and visible to all page visitors, and Facebook users often register with their real identity. Existing 

literature on word-of-mouth suggests that both audience composition and source identifiability 

affect what users post and how they respond to others’ posts (Berger 2012). 

All these factors need to be considered to understand how cultural differences may manifest when 

global firms engage with their consumers on social media platforms. Past consumer research 

suggests that localization by catering to local audiences and their value priorities facilitates brand 

penetration in these markets (Shavitt et al., 2006). Thus, the creation of a successful localization 

strategy in social media requires a deep understanding of the motivations, needs, and behaviors of 

users across cultures and how they interact with companies on media platforms like Facebook. 

In this paper, we investigate cross-cultural differences on Facebook business pages by analyzing 

14,000 user-generated posts on four brands’ Facebook business pages (Domino’s, Nescafé, 

Samsung, and Volkswagen) across four cultures (U.S., Australia, Mexico, and Singapore). We 

hope to answer three research questions: (1) what are the common themes of user-generated posts 

on Facebook business pages, (2) how do user-generated posts differ across cultures and (3) how do 

cultural orientations such as individualist and collectivist explain these differences? 

 
2. Theoretical Framework 

 

2.1 Word-of-Mouth and Social Media Marketing 

Word of mouth refers to the informal communication by consumers to other consumers about their 

evaluations of goods and services (Anderson 1998) or about the ownership, usage, or 

characteristics of particular goods and services (Berger 2014). Consumers may engage in WOM to 

enhance their self-image, express emotions, provide information or seek advice, help the company, 

vent negative feelings, or to help other consumers avoid a bad product or experience (Berger 2012; 

Hennig-Thurau et al. 2004; Yap et al. 2013). Depending on the motivations, consumers may 

engage in either positive or negative WOM. 

There are reasons to expect that people will engage in more positive WOM on Facebook business 

pages. A primary driver of WOM is self-enhancement, i.e., to look good to themselves and to 

others (Berger 2012). Talking about positive experiences projects a more positive image of oneself 

(e.g., the person makes good choices or decisions) or serves as evidence of one’s expertise 

(Wojnicki & Godes 2011). It can also boost the receiver’s mood and make the audience feel better. 

In comparison, studies of the generation and transmission of negative WOM have shown that 

social self-presentation and image impairment concerns, i.e., “concerns by an individual that 

certain actions may lead to social costs such as degrading one’s image in the eyes of social others” 

discourage one from transmitting negative WOM (Zhang et al. 2014). Furthermore, research has 

shown that online product reviews follow the “J-shaped” distribution, with large numbers of 

positive reviews, some negative reviews, and very few moderate ones (Hu et al. 2009). This is 

often attributed to two biases: purchasing bias (i.e., only people with high product valuations 

would purchase a product) and under-reporting bias (i.e., people who have extremely good or bad 

experiences are more likely to write reviews). 

There are also reasons to expect the prevalence of negative WOM on Facebook. People may be 

motivated to share negative WOM to satisfy both their self-interest, e.g., by punishing a company 

who provided a bad product or service (Richins 1983), and their altruistic concerns, e.g., by 

warning and helping other consumers avoid bad experiences (Van Doorn et al. 2010). In addition, 

other work has suggested that negative WOM can be self-enhancing as well. For instance, authors 
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of negative book reviews were perceived as more intelligent, competent, and with greater expertise 

than authors of positive book reviews (Amabile 1983). 

2.2 Cross-Cultural Differences 

There is considerable and growing research on cultural differences in consumer behavior. The 

majority of the research has involved the individualism (IND) and collectivism (COL) cultural 

classifications (Shavitt et al. 2008). This classification was originally introduced by Hofstede 

(1980), to characterize the different ways in which individuals construe their self and where they 

place the emphasis on the attainment of goals. In individualistic cultures such as the U.S., Canada, 

Germany, and Denmark, people prefer to define themselves independently of others and place the 

attainment of their personal goals above the goals of their in-group. In contrast, in collectivist 

cultures such as East Asian and Latin American countries like China, Korea, Japan, and Mexico, 

people prefer to define themselves interdependently with others and place the goals of their in-

group above their personal goals (Hofstede, 1980, 2001). 

Another cultural dimension is horizontal versus vertical (Singelis, et al. 1995; Triandis & Gelfand, 

1998). Individuals in horizontal societies value equality and view the self as having the same status 

as others in society, whereas individuals in vertical societies view the self as differing from others 

along a hierarchy and accept inequality. Combining the two dimensions, we have four cultural 

orientations: horizontal individualist, vertical individualist, horizontal collectivist, and vertical 

collectivist. In vertical individualist societies (VI; e.g., the U.S. and the United Kingdom), people 

tend to be motivated by self-enhancement values of power and achievement—standing out, 

displaying success and status. In horizontal individualist societies (HI; e.g., Australia and 

Scandinavia), people tend to consider themselves equal to others in terms of status and instead are 

motivated by stimulation and self-direction—modestly expressing uniqueness and being self-

reliant. In vertical collectivist societies (VC; e.g., Singapore and Mexico), people are motivated by 

maintaining in-group status and traditions—prioritizing collective goals over their personal goals 

and believing in the importance of existing hierarchies. Finally, in horizontal collectivist societies 

(HC; e.g., the Israeli kibbutz), people are motivated by the welfare of others—focusing on 

sociability and cooperation (Shavitt et al. 2006). 

 

2.3 Cross-Cultural Differences in Social Media Word-Of-Mouth 

Taken together, we expect users’ cultural motivations could influence the type of posts that they 

generate on Facebook business pages, such as the frequency of positive/negative WOM and the 

propensity to interact with the company or other customers. Without knowing all the possible 

themes of user-generated posts, we cannot hypothesize all key cross-cultural differences. Instead, 

we can speculate some of the likely differences. For example, we predict that people in VI cultures 

will be more likely to engage in self-enhancement behaviors, given their motivation to stand out 

and display status and success. In contrast, people in VC cultures will be more likely to want to 

engage directly with the company in their posts, given their deference to authority. 

In addition to differences between VI and VC cultures, we also predict different patterns within 

individualist cultures. While these cultures value personal achievement and individual rights, we 

predict differences between vertical (e.g., the U.S.) and horizontal (e.g., Australia) individualist 

cultures. For example, given the tendency of people in HI cultures to be self-reliant, we predict a 

lower likelihood of visiting Facebook business pages for help from the company or other users. 
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3. Methods 

We identified a list of potential brands by combining Interbrand’s 100 Best Global Brands 

(http://www.interbrand.com/best-brands) and Fortune’s 500 (http://fortune.com/fortune500). We 

chose to study four brands: Domino’s, Nescafé, Samsung, and Volkswagen, which span different 

industries (restaurants, beverages, technology, automotive), have different levels of product 

involvement (low, low, high, high respectively), and are headquartered in different countries 

(Switzerland, the U.S., Korea, Germany). All four have Facebook fan pages in the four cultures 

chosen in this research: U.S. (VI), Mexico (VC), Australia (HI), and Singapore (VC). 

We chose Facebook as the social media platform of interest because: (1) it is one of the dominant 

social media platforms that brands have been leveraging for social media marketing; (2) it has a 

large user base and many of its users have become “fans” of brands by liking their pages; (3) it 

offers an API which makes it possible to obtain a large amount of data. We built a software tool, 

which connects with Facebook Graph API to download data on business pages. We downloaded 

all posts and corresponding metadata from the Facebook pages of the 4 brands in 4 countries in 

2014. For each brand in each culture, we drew a random sample of 2,000 user-generated posts. 

To understand what users post on Facebook pages, we took the Grounded Theory approach (Glaser 

and Strauss 1967). During the open coding stage, two research assistants, who were blind to the 

literature and our research hypotheses, independently analyzed 500 posts from Volkswagen’s 

Facebook fan pages in the four cultures to look for common themes. We went through several 

iterations to make sure that our themes had saturated and then started consolidating and organizing 

them into high-level categories. During the structured coding stage, we had the two research 

assistants code all the posts into the emergent categories. 

The open coding suggested multiple categories which we summarize into five major themes. The 

first theme is showcase of ownership and indicates the user owns a particular product by the brand. 

The second theme is positive WOM and encompasses all the posts that have a positive tone towards 

the brand or any of its particular products, services, or corporate social responsibility issues. The 

third theme, negative WOM, is similar, but the tone of the posts is negative. The fourth theme is 

inquiries to the company or other users. The fifth theme is suggestions to the company or other 

users. Table 1 shows the definition and examples of the five categories. 

 
4. Results 

Due to space limitation, we will only present our results on cross-cultural differences for the 

Volkswagen brand, as shown in Figure 1. Several things are worth noting. First, the U.S. page 

contained a significantly higher proportion of ownership showcase posts (26.1% vs. 8.4% 

Australia, 6.4% Mexico, and 1.3% Singapore), consistent with our theoretical prediction. 

American users, who are VI consumers with a tendency to self-enhance, showcased their 

ownership more than other consumers. Second, Mexican users were more likely to post inquiries, 

especially inquiries to the company (33.9% vs. 15.3% U.S., 13% Australia, and 10% Singapore), 

reflecting the higher regard of authority associated with their VC orientation (Shavitt et al. 2006). 

Singapore users, who are typically also classified as VC, did not demonstrate similar behaviors. 

Finally, our results also show that American consumers posted a higher proportion of positive 

WOM (29.1% vs. 10.7% Australia, 15.1% Mexico, 3.5% Singapore) and Australian consumes 

posted  a  higher  proportion  of  negative  WOM  (42.5%  vs.  8.7%  U.S.,  8.7%  

Mexico, 19.2% Singapore). The former seems to be consistent with the self-enhancement needs of 
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VI. The latter may reflect the emphasis on equal status in HI cultures, especially considering the fact 

that close to half of the complaints were related to corporate social responsibility issues (24.6% 

out of 42.5%). We hope to further investigate the mechanisms behind these results in future 

research. 

 

Table 1: Emergent Categories and Interrater Reliability 

Nam

e 

Definition Example

s 

κ 

Showcase 

of 

Ownership 

Posts with a 

statement about 

ownership of a 

product of the brand 

“Here is me and my Jetta…” 0.63 

Positive 

Comments about 

the Brand and its 

Products, 

Services, and CSR 

Posts that contain 

positive statements of 

the brand, a given 

product, customer 

experiences, or the 

brand’s marketing and 

public relations 

initiatives 

“I love the VW brand” 

“I just got off the phone with the 

nicest customer rep and was able to 

solve the issues I was having.” 

“It’s great to see a major 

corporation investing in clean 

energy projects!!” 

0.79 

Negative 

Comments about 

the Brand and its 

Products, 

Services, and 

CSR 

Posts that contain 

negative statements of 

the brand, a given 

product, customer 

experiences, or 

marketing and public 

relations initiatives 

“Our 06 Jetta is falling apart. I will 

never buy a VW” 

“Went to our local VW dealer and got 

treated like dirt, they were very snobby 

and it was very disappointing” 

“VW, stop lobbying against climate 

laws!” 

0.85 

Consumer 

Inquiry to the 

Company or 

Other Users 

Posts containing 

inquiries directed 

directly to the company 

or other users 

“Will the mk7 GTI have the 

electric parking brake?” 

0.87 

Consumer 

Suggestion to the 

Co. or Other 

Users 

Post where users are 

clearly making a 

suggestion to the 

company or other users 

“Please bring the Touran to the US!” 0.62 

 

Conclusion 

Figure 1: Volkswagen Categories Across Four Cultures 
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Building on social media marketing and cross-cultural consumer research, we set out to 

understand consumer behaviors on Facebook brand pages. We propose and find preliminary 

evidence that there are important cross-cultural differences in user-generated posts as a function of 

different cultural orientations. Practically, our research provides brand managers with a better 

understanding of how users of their Facebook business pages differ across cultures, which can help 

them develop the optimal strategies to engage and interact with consumers across the globe. 
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Effects of Computer Interfaces on Charitable Behavior 

 
 

 

 

Abstract 

 
The paper presents a research-in-progress project comparing the effects of direct-touch interfaces 

versus non-touch interfaces on people’s charitable behavior. Building on the theory of grounded 

cognition and recent findings that direct-touch interfaces stimulate the individual’s mental 

interaction with the target displayed on the computer screen, this research proposes that people 

would perceive more connected to the beneficiary target of the charitable cause when using a direct-

touch interface and the target is presented in images and this heightened perceived connectedness 

will promote charitable behavior. It also briefly discusses the experiment design for testing the 

proposed effects as well as the contributions and implications of the research. 

 

Keywords: Computer interfaces, touch screen, charitable donation, charity, embodied cognition 

 

1. Introduction 

People are increasingly interacting with digital devices via a touchscreen interface to perform a 

variety of activities, partly driven the popularity of tablets, smartphones, and other portable and 

functional electronics. Recent research has revealed that the mere change of the interface modes from 

mouse-click to direct-touch to interact with various information systems may generate demonstrable 

effects on individuals’ information processing and decision making. For instance, studies have found 

that using a touchscreen interface leads to increased choice of hedonic foods over utilitarian foods 

(Shen et al. 2016), heightened valuation of products (Brasel and Gips 2014), and elevated weights 

assigned to tangible over intangible product attributes (Brasel and Gips 2015). Employing the theory 

of grounded cognition, the research across different contexts attributes these direct-touch effects to 

the bodily experience of having a more direct interaction with the object displayed on the screens of 

the information systems. 

The theory of grounded cognition suggests people’s bodily states and actions can influence their 

cognitive activities (Barsalou 2008). This theory views that one’s cognition is “embodied” such that 

the body can have an important influence on shaping a person's thoughts. The mechanism underlying 

embodied cognition is that memories develop from multimodal experiences that spread throughout 

the body and include an entire constellation of perceptions, movements, and sensations. One’s 

cognition is a combination of the thoughts in the mind and the sensory experiences throughout the 

whole body. An important consequences resulting from the fact that cognitions are related to bodily 

experience is that not only do cognitions generate accompanying bodily responses, but also bodily 

responses can independently generate the cognitions that are associated with those bodily responses 

and consequently influence judgment (Briñol and Petty 2008). To the extent that a direct-touch 

interface and a mouse interface entail differential bodily activities, the cognitions accompanying 

those bodily activities may vary, leading people to exhibit divergent responses when performing 

various tasks with the information systems. 

Xinwei Wang 

Business School, University of Auckland 

xinwei.wang@auckland.ac.nz 
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The past few years have witnessed that charitable causes are increasingly moving to the Internet to 

leverage its extensive reach to people globally. One study shows that, in 2016, online giving 

increased 13% from the year prior and this growing trend will continue (M+R 2015 Benchmark 

Study). This research extends the effect of touchscreen interface on mental connection with an 

object to study whether touchscreen versus non-touchscreen interfaces would lead individuals to 

exhibit differential charitable behavior on online charity platforms. Specifically, it argues that, 

compared with non-touch interfaces such as mouse-click, touchscreens would promote charitable 

giving. The research also suggests that the direct-touch interface evokes a psychological perception 

of close relationship with the target, which in turn facilitates prosocial charitable thinking and 

behavior. Experiments are designed to test the propositions.   

2. Theoretical Foundations 
2.1 The Theory of Grounded and Embodied Cognition 

Human’s body and mind work together and resonate with each other. The theory of grounded 

cognition suggests that all mental acts are acts of modality-specific sensory stimulation (Barsalou et 

al. 2003). Sensory and perceptual experiences can activate mental concepts associated with those 

experiences and guide people’s judgment and behavior.  

 

There is a large body of literature demonstrating the cognitive and behavioral consequences of 

perceptual experiences. For instance, standing upright (vs. slumping over) evokes sensations of 

power (Riskind and Gotay 1982); nodding (vs. shaking) one's head can drive one more likely to agree 

with a persuasive message (Wells and Petty 1980); merely simulating a smile (vs. a frown) or 

physical approach (vs. avoidance) can elicit positive affect (Cacioppo et al. 1993; Labroo and 

Nielsen 2010; Strack et al. 1988); and firming one’s muscles can boost willpower and enable one to 

avoid immediate pleasure and endure immediate pain for future gain (Hung and Labroo 2011). In 

sum, across a diversity of contexts, research has shown that physical motor actions can influence 

thoughts and feelings, which in turn drives people’s overt behaviors. 

 

Recently, studies have applied the embodied cognition to investigate how the shift to a direct-touch 

interface driven by the popularity of smartphones and tablets would shape one’s cognition and 

behavior in performing different computer-mediated tasks, giving rise to the literature on the 

touchscreen interfaces. 

  

2.2 Literature on Touchscreen Interfaces 

There is an emerging yet relatively limited stream of research on the effect of touchscreen interfaces 

on human’s behavior due to the fact that the wide use of the direct-touch interface is just a recent 

phenomenon. 

 

There are two lines of research themes in the literature. The first one examines the effects of 

touchscreens on task performance. Sénécal et al. (2013) propose that the use of a direct input device 

involves a multisensory experience and more cerebral activities than an indirect input device, and 

thus will result in richer information encoding and consequently better information retrieval from 

memory. Empirically, they find that their propositions are valid for individuals with a high need for 

touch disposition.  

 

The second line of research, which is more related to this research, explores how different types of 

input devices affect consumers’ judgment and behavior. Brasel and Gips (2014) apply the 

101

http://www.jstor.org/stable/10.1086/657240#rf40


  

psychological ownership literature to explore the direct-touch effect. Psychological ownership is the 

feeling that something is “yours”, whether or not it actually is (Pierce et al. 2003). Building on 

the finding that bodily touching an object can make consumers perceive ownership of it (Peck and 

Shu 2009), Brasel and Gips (2014) show that, compared with a mouse, touchscreen interfaces can 

heighten one’s perceived ownership of the product presented on the screen, eliciting an endowment 

effect. Furthermore, Brasel and Gips (2015) demonstrate that the use of touchscreen interfaces biases 

consumers’ attention toward sensory properties and elevates the importance of tangible attributes 

over intangible ones. Shen et al. (2016) examine the effects of interfaces people use for food ordering. 

They find that the interfaces that offer touchscreen ordering (vs. not) facilitate consumers’ mental 

simulation of interacting with the objects and shift choice toward a hedonic affect-laden product (e.g., 

a chocolate cake) versus a cognitively superior one (e.g., a fruit salad). Results across these studies 

highlight that the mere act of touching the objects displayed on the screen directly will stimulate 

distinct mental operation, resulting people to exhibit different behavior than using an indirect 

interface.  

   

2.3 Literature of Charitable Behavior 

Individuals often engage in prosocial behaviors for the benefits and wellbeing of others they do not 

know personally. They support charitable causes at their own expenses of money, time, and other 

valuable resources. Given the costs incurred, what motivates one’s contribution to charitable causes 

becomes an intriguing question. Research tends to broadly categorize prosocial motives into other-

focused and self-focuses motives, which are not mutually exclusive (Benabou and Tirole 2006). Self-

focused givers may be motivated economically for tax breaks, socially to signal one’s wealth or 

status or psychologically via experiencing well-being from helping or alleviating one’s own 

emotional distress or guilt (Anik et al. 2009). Other-focused or altruistic motives stem from a concern 

for the well-being of others. Among the rich literature on charitable behavior, two findings are of 

particular relevance to the present research. First, Hung and Wyer (2009) suggests that the 

establishment of a subjective connection between the self and the target may drive people to 

contribute to charitable causes. Second, Toure-Tillery and Fishbach (2017) find that when charitable 

behavior is motivated by one’s concern for others, the impact one expects to have on others is an 

important driver of action. They show that real and perceived spatial distance negatively influence 

the expected impact, and hence the likelihood of charitable action. One is more likely to donate 

money when the target is perceived to be close as opposed to faraway.  

 

3. Research Framework and Hypotheses  
Integrating the findings from the literature on direct-touch effect and charitable behavior, this study 

proposes a research framework depicted in Figure 1. 

 

When individuals use their fingers to process the information presented on the online charitable 

systems through the touchscreen, they indeed engage in a more direct bodily interaction with the 

targets displayed than they do when using a non-touch interface. According to the grounded and 

embodied cognition theory, the bodily interaction experience can trigger a cognitive interaction with 

the target, making people feel that they are interacting with the target in the real world. For instance, 

research has shown that when individuals evaluate products using different computer interface, those 

who use iPads are more mentally engaged with the products than those who use the mouse interface 

(Shen et al, 2016). Thus, individuals may perceive that they are more connected to the beneficiary 

targets of the charitable campaign.  
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Figure 1. Research Framework 

 

Further, to the extent that embodied cognition is activated through physical movements, a physical 

presentation of the target on the screen may stimulate a more salient bodily interaction. Hence, when 

using a direct-touch interface, individuals’ perceived connectedness will be further heightened if the 

charitable beneficiary target is presented in images than in texts.  

 

H1. Individuals would perceive more connected to the beneficiary target of the charitable cause 

when using a direct-touch interface and the target is presented in images.  

 

In the context of prosocial decisions, the perceived impact of charitable acts has an important 

influence on behavior (Duncan 2004). Research has found the real and perceived distance one has 

with charitable target exerts a negative influence on charitable actions (Toure-Tillery and Fishbach 

2017). When people feel the target is nearby as opposed to faraway, they expect their donations will 

have a greater impact because they automatically apply the knowledge of closeness-equals-strength-

of-effect from the physical context to the charitable context.  

 

In our research context, an experience of interacting with a target will reduce the distance one may 

have with the object. This reduced distance bolsters people expectation that their prosocial actions 

can produce greater impact on the target than when the target is faraway. Thus, the perceived 

connectedness to the beneficiary target will translate to greater charitable behavior.  

 

H2. The perceived connectedness elicited by interacting with an image beneficiary target through a 

direct-touch interface will promote charitable behavior. 
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4. Methodology 
A couple of experiments are being designed to empirically validate the above hypotheses regarding 

the effects of the direct-touch interface versus non-touch interface on charitable behavior. Across the 

experiments, participants will be browsing an online charity website presenting some charitable 

appeals and providing some information about the charitable causes such as goals, the targets, the 

use of funds raised, etc.  

 

The interface devices will be manipulated in two ways. In one experiment, participants will browse 

the website with iPad or computer. In another experiment, all participants use the same laptop, which 

can be operated with either the touchscreen or the mouse. This eliminates the possible confound 

effects associated with computer brand, screen size, etc. Furthermore, two versions of the website 

will be developed to manipulate target presentation. In the image condition, the information is 

embedded in the images of the charitable targets (e.g., children’s hands, faces, etc.), whereas in the 

text condition, the information is given in pure text. 

 

After participants complete browsing, they will be asked to indicate how much they are willing to 

contribute to the charitable causes. Different types of contribution will be designed (e.g., money 

donation or working as a volunteer). They will also be asked to answer some questions measuring 

their perceived connectedness with the target and perceived impact their donations would have on 

the target and some control variables such as age, gender, etc. 

 

5. Conclusion  
This research presents an ongoing project exploring the effects of computer interface on shaping 

people’s charitable behavior. Drawing on the theory of grounded cognition and recent findings that 

direct-touch interfaces stimulate the individual’s mental interaction with the target displayed on the 

computer screen, this research proposes that people would perceive more connected to the 

beneficiary target of the charitable cause when using a direct-touch interface and the target is 

presented in images and this heightened perceived connectedness will promote charitable behavior. 

 

The research is expected to contribute to the theory building in the human-computer interaction 

domain, given that direct-touch interfaces are gaining increasing popularity. Specifically, extant 

literature of direct-touch interfaces only documents their effects on people’s judgment and behavior 

when interacting with a non-human target. This research will enhance the literature by showing the 

effects of touchscreen on one’s interaction with human target presented on the screen. Practically, 

the research can provide useful guidelines for charity organizations on how to design an effective 

online charitable fundraising system.  
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Abstract 

This paper focus on a new type of social network emerged in organizational settings – the 

common feature network and examine how users’ structural properties in the common feature 

network influence their IT usage. We construct a common feature network based on system log 

data of 524 users in a large manufacturing company. Our data analysis shows that both 

eigenvector and closeness centralities positively affect system use. More important, we find that 

structural holes play a paradoxical moderating role: they weaken the effect of eigenvector 

centrality, but strengthen the effect of closeness centrality. This paper makes a significant 

contribution to the system use literature by demonstrating how a new social network can be 

developed and employed to predict system use.  

Keywords: system use, social network, centrality, closeness, structural hole  

  

1. Introduction  
Recently, IS researchers start to investigate social influence on IT use from the social network 

perspective (Sykes et al. 2014; Wang et al. 2013). Social network analysis takes the embeddeness 

of individual into account and can provide deepened and objective insights regarding how 

individuals in a social network interact and influence each other by studying positional and 

structural characteristics of the node and the network (Borgatti et al. 2009; Burt 2005). Current 

research has examined how help network, advice network, peer network, and friendship network 

affect employees’ IT usage and job performance (Sykes et al. 2014; Wang et al. 2013). Yet, this 

is still an understudied area and many topics remain vaguely understood. In this paper, we focus 

on a new type of social network emerged in organizational settings – the common feature 

network, which refers to a group of employees who form relationships with each other based on 

their use of the same IT features at work. Similar to digital relations in social media (Kane 2014), 

the common feature use is digitally embodied and relies on the existence of IT. It could also 

indicate offline interaction and flow of information and resources given that IT use and business 

processes are often tightly integrated together (Davenport 1998). Hence, it is more than a digital 

relation and could have a profound impact on individual behaviors.   

The purpose of this research is to understand how users’ structural properties in the common 

feature network influence their IT usage. We propose three specific influences arising from this 

network: direct, indirect, and heterogeneity influences. Direct influence originates from direct 

neighbors in the ego network. Indirect influence comes from any other nodes in the network 

except the direct neighbors. And heterogeneity influence results from non-redundant information 

a user receives via structural holes. We construct a common feature network based on system log 

data of 524 users in a manufacturing company. Our data analysis shows that both eigenvector 

and closeness centralities positively affect system use and structural holes play a paradoxical 

moderating role: they weaken the effect of eigenvector centrality, but strengthen the effect of 

closeness centrality.   

106



  

 

2. Social Network based on Common Features  
Social network analysis makes it possible to study how social environments lead to differences 

in nodes (Kane et al. 2012). Social network ties can be divided into four basic types: similarities 

(e.g., location or attribute), social relations (e.g., kinship or knowing each other), interactions 

(e.g., offering advice or help), and flows (e.g., information or resources) (Borgatti et al. 2009). 

Different ties construct different types of social networks which represent different social 

environments and generate different influences on nodes. Traditional social network analysis is 

focused on analyzing offline relationships to understand social environments (Ibarra 1992; 

Podolny and Baron 1997). Due to limitations of data collection (Wasserman and Faust 1994), it 

is difficult to empirically construct networks that are complete and free of biases (Burt 1983). 

With the wide diffusion of social media, the online relationships between individuals can be 

objectively captured by measuring digital data such as tags, tweets, friendships, comments, etc. 

Due to the importance of the digital relations, Kane et al. (2014) have called for more research 

in this area.  

In this research, we propose a new digital relationship in organizations – common feature use. 

That is, two users form a relationship with each other by using the same feature of an information 

system. A common feature network can be developed based on a number of common feature 

uses among employees. The common feature use ties can imply a myriad of relationships 

between users, including proximities (working in the same unit), relations (peers, collaborators), 

interactions (offline interactions due to task interdependencies), and flows (information 

exchange by using the same features, resource flow between functional units). Because 

enterprise systems are tightly integrated into business processes (Davenport 1998), employees 

who use the same system features tend to have similar or interdependent job responsibilities, 

which allow them to have direct or indirect relationships (Wang et al. 2013). Therefore, we 

believe that the common feature network can reveal complex relationships between users and 

their network attributes.  

3. Hypothesis Development  
To explain how employees’ structural positions in the common feature network influence their 

system usage, we propose that their eigenvector centrality has direct influence while their 

closeness centrality has indirect influence on their system usage. In addition, their access to 

structural holes plays an important role in moderating these influences. We discuss the detailed 

rationales of the hypotheses as follows. In this research, we conceptualize eigenvector centrality 

as a surrogate of the direct influence exerted on a user by the social network. By definition, a 

higher level of eigenvector centrality suggests that a user is directly connected to a greater 

number of more powerful or influential users such as power users and champions (Davis et al. 

2009), and hence is exposed to stronger influences from these users.  

 Hypothesis 1: Eigenvector centrality is positively associated with system use.    

While eigenvector centrality reflects a user’s exposure to influences of her direct neighbors, it 

cannot show how the user is influenced by remote nodes in the network. We use closeness 

centrality to capture the entire network’s indirect influences on an individual. After controlling 

for eigenvector centrality, closeness centrality mainly captures the indirect influences of remote 

nodes that are not directly connected to the ego (i.e., with at least one hop in between). Research 

in transactive memory and organizational learning shows that an individual’s information 
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seeking from others is not only determined by knowing “who knows what,” but also a function 

of the ability to access others’ thinking in a timely fashion (Borgatti and Cross 2003). A user with 

higher closeness centrality suggests that she can reach any other node in the network by 

traversing through fewer intermediate nodes. Hence, it is relatively easy and fast for her to 

acquire informational resources scattered across the network and such information can help her 

improve performance and avoid pitfalls in using the system. Research has shown that when there 

are problems in using information systems, users with high closeness centrality can find relevant 

information to solve the problems more quickly because they have shorter distance to access 

informational sources than those with low closeness centrality (Venkatesh and Sykes 2013).  

Hypothesis 2: Closeness centrality is positively associated with system use.  

The relationship between eigenvector centrality and system usage is contingent on the user’s 

access to structural holes. When a user lacks access to structural holes, her constraint is high and 

her neighbors tend to be densely connected with each other, giving rise to strong social cohesion 

(Reagans and McEvily, 2003). In the common feature network, these connections mean that they 

use the same system features and possesses similar information. As a result, the information the 

user can seek from these neighbors will be redundant. The information redundancy has a 

reinforcing effect as the user is repeatedly exposed to the same informational influence again and 

again from different neighbors. That is, the more homogeneous the information from the 

neighbors, the stronger its influence on the user’s behavior.   

Hypothesis 3a: Structure holes moderate the relationship between Eigenvector Centrality and 

system use so that the relationship is weaker when the user has access to more structure holes.    

We further propose that structural holes could strengthen the relationship between closeness 

centrality and system use. A remote node has a stronger indirect influence on the ego when the 

ego has more structural holes (low constraint), or the ego’s neighbors are loosely connected, and 

therefore is under a lower level of social influence of the ego network. If the ego network is 

densely connected (few structural holes or high constraint), the user is deeply embedded in a 

closure where the local norms could be too strong to allow the user to be acquiescent to new 

ideas coming from outside of the ego network. Inertia can be fostered and innovations are 

discouraged (Uzzi 1997; Zaheer and Soda 2009), reducing the potential for users to perform 

creative system use. IT use can be seen as an innovative behavior, and structural holes will likely 

facilitate innvoative and extended use (Liang et al. 2015).    

Hypothesis 3b: Structure holes moderate the relationship between closeness centrality and 

system use so that the relationship is stronger when the user has access to more structure holes.   

4. Method  

a) Data Collection   

We selected a large manufacturing company in China as the test bed for our research model. This 

company has implemented ERP for over four years and many of its business functions are 

dependent on the ERP system. We selected all employees in four major business units, including 

finance, materials, production, and operations management, as the sample for this study. We then 

extracted four years (2012-2015) of log data of every employee’s ERP system usage from the 

server. The ERP system has eight major modules which provide 852 functional features. The log 

data offer three important information: the number of logins, the duration of the active login, and 

the system feature used. We collected valid log data for 524 users (403 female). On average, they 

had 2.1 years of ERP using experience. There are more than 1.2 million episodes of feature uses 
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by these users during the four years. Based on the common features they ever used, we 

constructed a 524×524 adjacency matrix to represent the common feature network and used 

Pajek to calculate structural properties of each node in this network.  

b) Measures  

  

5. Results  

Following Cohen et al. (2003), we employed hierarchical linear regression to test the hypotheses 

by using SPSS 22. We use the logarithm value of system use to correct for residual 

heteroscedasticity. We estimate three regression models by entering control variables, 

independent variables, and interaction terms successively. Model 1 only tests the effects of two 

control variables: gender and system experience. In Model 2, the main effects of the three 

network structural variables, eigenvector centrality (EC), closeness centrality (CC), and 

structural holes (SH), are estimated. Finally, Model 3 includes the interaction effects: SH×EC 

and SH×CC. To reduce multicollinearity, each interaction term is calculated as the product of 

standardized values of the independent variable and the moderator (Aiken and West 1991). The 

results are shown in Table 1.   

The three models respectively explain 21.4%, 41.9%, and 46.6% of variance in system usage. 

The R2 changes are all significant, suggesting that the main effects and interaction effects 

provide incremental contribution to explaining system usage. We find both eigenvector centrality 

(β = .481, p < .001) and closeness centrality (β = .355, p < .001) has a significant effect on system 

usage, supporting H1 and H2. While the relationship between structural holes and system usage 

is not significant (β = .056, p = .160), both the interaction between eigenvector centrality and 

structural holes (β = -.293, p < .001) and between closeness centrality and structural holes (β 

= .130, p < .001) are significant, supporting H3 and H4.   
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Table 1. Results of hierarchical linear regression    

  Model 1  Model 2  Model 3  

Intercept  -.466***  -.204  -.195  

Female  -.233*  -.085  -.011  

Experience   .361***  .241***  .201***  

Eigenvector centrality    .239***  .481***  

Closeness centrality    .375***  .355***  

Structural holes     .030  .056  

SH×EC       -.293***  

SH×CC      .130***  

  .244***  .419***  .466***  

△   .244***  .175***  .047***  

△F  83.6282,518  51.8233,515  22.6312,513  

Note: * < .05, ** < .01, *** <.001  

6. Discussion  

This paper makes two important contributions. First, we develop the concept of common feature 

network and empirically demonstrate how to construct one by using system log data. Extant IS 

research on social network and IT usage is focused on traditional social networks such as help 

networks and advice networks (Sykes 2015; Sykes et al. 2014). Since the helping and advice 

relationships are difficult to observe and quantify, such networks are typically constructed by 

using sociometric or egocentric approaches which require users’ self-reported data to determine 

network paths. The drawback of these approaches is that they often produce inaccurate network 

structure or miss important paths (Reagans and McEvily, 2003). In contrast, digital relationships 

can be objectively identified with increased accuracy, which provide a more reliable way to 

analyze the effects of social networks in organizational settings.  Second, we find that 

employees’ IT use is increased by not only their direct contacts, but also those with whom they 

never used the same system feature. While prior research emphasizes the importance of direct 

influences on users’ IT use and job performance in social networks (Sykes et al. 2014; Wang et 

al. 2013), no research has examined indirect influences in social networks. In addition, we find 

that structural holes have no direct effect on IT use, rather, it plays a paradoxical moderating role 

by strengthening indirect influences and weakening direct influences. Since nobody has studied 

the relationship between structural holes and IT usage in organizations, we believe that this study 

can make a significant contribution by showing the intriguing effects of structural holes.  
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Abstract 

Social influence in the form of social norms is one of the most powerful means to motivate behavior 

change, and is widely used to promote desirable behaviors such as a healthy life style. While 

abundant empirical evidence supports the average efficacy of social norms, there are few studies 

examining how the effects of social norms are differentially manifest across individuals. In today’s 

socially connected digital world, we conjecture that the effects of social norms are conditional on 

one’s digital social ties, and provide new empirical evidence from a randomized field experiment. 

Our field experiment included more than 7,000 individuals observed for a two-month period on 

an online physical activity community. We studied the effect of social norms on users’ goal setting 

and goal attainment behavior. We find that while social influence increases the rate of goal setting, 

strikingly, we also observe an undesirable effect in that such influence leads to lower rates of goal 

attainment. The heterogeneous treatment effects analysis shows that individuals with higher levels 

of social connectivity are the most susceptible to a social norms message. 

Keywords: Social norms; social connections; goal setting; goal attainment; goal setting theory; 

heterogeneous treatment effect 

1. Introduction 

It is a well-known aphorism that humans are creatures of habit, and behaviors are often inertial 

and difficult to change. In their efforts to “nudge” behavior change in important domains of activity, 

researchers and practitioners today are increasingly leveraging the power of interventions 

orchestrated on and mediated by information technologies. With growing interest in the potential 

power of mobile health (mHealth), interventions such as social norms messages, “telling people 

about what lots of other people do” (Burchell et al. 2013), are being used to motivate people to 

exercise more, and eat healthy (Bittner and Kulesz 2015; Napolitano et al. 2013). The social norms 

approach has demonstrated efficacy in diverse settings such as towel reuse (Goldstein et al. 2008), 

and energy consumption (Schultz et al. 2007). 

However, while robust empirical evidence supports the average efficacy of social norms for 

inducing behavioral change, there are surprisingly few theoretical and empirical insights on how 

the effects of social norms are differentially manifest across individuals, and especially so in online 

settings. To the extent that both social norms and a user’s digital social ties are two important 

mechanisms that shape the behavior of online users, it is important to understand how they 

interplay with each other. Why would digital social ties condition the effects of social norms on 

behavior? The literature offers at least three plausible explanations. First, individuals who have 

more friends tend to be more sociable and extroverted (Amichai-Hamburger and Vinitzky 2010). 

Extroverted persons depend heavily on friends’ opinions to make decision (Dhar and Jha 2014) 

and therefore would be affected strongly by the presence of norms. Second, individuals’ behaviors 

on a social network platform are transparent to others. Reacting to social norms might serve as a 
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signal that helps the user to accumulate social capital. Finally, beyond the positive effect of 

signaling, individuals on social network platforms actively engage in impression management 

(Tong et al. 2008). The cost of not conforming is exacerbated for individuals having numerous 

friends because the non-conformance is visible to a larger community. 

Our empirical setting is the use of a social norms-based behavioral intervention for motivating 

goal setting on a digital platform for runners. We conducted a randomized field experiment in 

collaboration with one of the largest online physical activity communities in Taiwan. Two specific 

research questions were addressed: (1) how do social norms affect individuals’ goal setting 

behaviors related to physical activity on a social network platform? and (2) is the response to social 

norms differentiated by an individual’s social connectivity? Our experiments yield three main 

findings. First, results confirm that social norms are indeed powerful in motivating individuals to 

set up a goal. Compared to the standard message, the message conveying social norms leads to an 

increase in Goal Setting Rate by a sizeable 23.7%. Second, the effects of a social norms message 

are heterogeneous. The conditional average treatment effects (CATE) show that individuals who 

are more socially connected are more susceptible to the social norms message. Third, a striking 

and somewhat surprising finding is that social norms lead to a sharply lower rate of goal attainment 

than the control message (-17.0%). 

2. Experimental design 

To estimate the causal effect of social norms on individuals’ goal setting and subsequent physical 

activity, we conducted a randomized field experiment. The focal platform provides services for 

runners who seek to keep track of their running activities using electronic devices (Mobile apps or 

Smart Watches). Prior to the start of our experiment, a goal-setting feature was already available 

on the platform. Any individual who uses this platform can set up a monthly goal of running 

distance in a given month by inputting a number (in kilometer units) at any time in the month. Our 

study sought to examine the effectiveness of social norms messaging on the willingness to set up 

a goal, and on users’ subsequent behaviors after setting up a goal. We randomly assigned 

individuals to two groups who received distinct messages. The baseline message conveys 

information about the benefit of setting up a goal -- a 17% increase in running frequency, i.e., the 

number of times run in a given month, which is calculated based on historical data from this 

platform. For the treatment group, we then add the social norms information to the baseline 

message (see Table 1). Consistent with Burtch et al. (2016), we attempt to establish descriptive 

social norms of what other people on the platform do by displaying the absolute number of 

individuals setting a goal in the pre-treatment month (e.g., there were 5,223 individuals setting up 

a goal in January and 5,715 individuals in February). 

Table 1. Message design of each group 

Group Message 

Control Goals help you form a habit of running; the statistics show runners who set 

up a goal can increase the number of times they run in a month by 17%. 

Please set up a goal. 

Social Norms Goals help you form a habit of running; the statistics show runners who set 

up a goal can increase the number of times they run in a month by 17%. Last 

month, [Number] runners set up a goal. Please set up a goal. 
Note: [Number] is 5,223 for the treatment in February and is 5,715 for the treatment in March 

When individuals log into the online community for the first time in the treatment month, they 

receive a pop-up message. In any treatment month, an individual receives only one message 
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regardless of the device she uses (website or mobile). Our experiment occurred over a two-month 

period in February and March 2016. Starting at 00:00 am February 1, 2016, an individual who 

logged in to the system, either through the website or the mobile app, were randomly assigned to 

one of the two groups. The randomization process was based on the user’s identification number 

(user_id). There were 3,682 users in the Control group and 3,514 users in the Social Norms groups. 

We conducted a series of t-tests (Table 2) as a randomization check by comparing means between 

two groups for various characteristics, including age, gender, distance in the pre-treatment month, 

accounts created using Facebook ID, number of friends, number of comments, and number of 

races. T-test results provide strong evidence of comparability and balance across the Control and 

Social Norms groups, affirming that the randomization process was successful. 

Table 2. Randomization check 

 Control Social Norms t-stat 

# of participants 3,682 3,514  

Age 39.0 38.9 0.52 

Gender (percent of female) 19.1% 19.0% 0.90 

Distance in pre-treatment month 65.8 66.2 0.85 

Facebook account 47.4% 49.8% 0.05 

# of friends 63.4 66.9 0.31 

# of races 6.8 6.4 0.13 

# of comments 5.5 6.2 0.52 

3. Results and Contributions 

3.1 Model-free Evidence of Experimental Results 

We first depict model-free evidence of the average treatment effects (ATE) on Goal Setting Rate 

and Goal Attainment Rate (Figure 1 presents the data visually; more detailed statistics are in Table 

3.) 7.6% of users in the Control group set a goal while 9.4% in the Social Norms group did so, 

indicating a 23.7% increase in goal setting. This result is consistent with the literature supporting 

the efficacy of social norms campaigns: individuals conform to the behavior of the majority in 

their referent group to set up a goal. For Goal Attainment Rate, it is interesting to note that we find 

just the opposite. While individuals in the Control group have a moderate attainment rate (43.5%), 

the Social Norms group has a substantially lower attainment rate (36.1%). This constitutes a 

substantial drop of 17% in goal attainment. 

Table 3. Treatment effect 

  Control Social Norms 

General Statistics N 3,682 3,514 

Goal Setting Rate (GSR) 7.6% 9.4% 

Goal Attainment Rate (GAR) 43.5% 36.1% 

Statistics of 

individuals who set a 

goal 

Goal 108.4 109.0 

Distance (treatment month) 104 95.2 

Distance (pre-treatment month) 73.5 68.6 

Goal - Distance (pre-treatment month) 34.8 40.4 
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Figure 1. Goal Setting Rate and Goal Attainment 
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3.2 Regression Analyses 

We use a probit model to examine the ATE. We find that the social norms treatment has a strong 

effect on goal setting. Table 4 Column (1) shows an 18.2% difference between these two groups 

(p<0.01). Regression results of Goal Attainment Rate are shown in Table 4 Column (3). We see a 

difference between these two groups: the marginal analysis shows a 7.1% drop of Goal Attainment 

Rate in the Social Norms group as compared to the rate in the Control group (p<0.1). 

Table 4. Treatment effects on Goal Setting and Goal Attainment 

 

 

 

 

 

 

 

(1) (2) (3) (4) 

    

Goal Setting Goal Setting Goal Attainment Goal Attainment 

Social Norms 0.119
***

 0.074 -0.193
*
 -0.077 

 (0.043) (0.045) (0.105) (0.113) 

# of friends 0.018  0.043  
 (0.021)  (0.046)  

High social connection  -0.075  0.687
**

 

  (0.110)  (0.284) 

Social Norms X  0.366
***

  -0.996
***

 

High social connection  (0.135)  (0.333) 

Age -0.002 -0.002 0.009 0.010 

 (0.003) (0.003) (0.007) (0.007) 

Gender (female) -0.076 -0.079 -0.140 -0.125 

 (0.057) (0.057) (0.143) (0.143) 

Pre-treatment running distance 0.000 -0.001 0.093
***

 0.098
***

 

 (0.009) (0.009) (0.024) (0.025) 

FB account 0.068 0.068 0.017 0.037 

 (0.044) (0.044) (0.108) (0.108) 

# of races 0.007
***

 0.006
***

 -0.006 -0.005 

 (0.002) (0.002) (0.004) (0.004) 

# of comments 0.000 0.000 0.002
*
 0.003
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Note: Baseline group is Control group; Robust Standard errors in parentheses 
* 

p < .1, 
** 

p < .05, 
*** 

p < .01 

To test our conjecture that individuals who are more socially connected are more susceptible to the 

social norms, we construct a variable, high social connection, to test the moderating effect. High 

social connection is defined as those individuals whose number of friends places them in the top 

10%. The positive sign of the interaction term in Table 4 Column (2) indicates a complementarity 

effect between Social Norms intervention and high social connection. This means that individuals 

who have high social connections have a higher chance to set up a goal when receiving a Social 

Norms message. After calculating the predictive margins, the complementarity effect between the 

Social Norms intervention and high social connection leads to an overall increase of 6.6% in goal 

setting. 

Table 4 Column (4) shows a strong interaction effect between high social connection and the social 

norms message. The negative sign of the interaction term indicates a substitution effect between 

Social Norms intervention and high social connection. This means that individuals who have high 

social connections have a lower chance to attain a goal when receiving the Social Norms message. 

The substitution effect between Social Norms intervention and high social connection leads to an 

overall decrease of 36.5% in goal attainment. 

To better understand the HTE across the spectrum of social connections, we regress in each 

subgroup to calculate the conditional average treatment effects (CATE) using the same 

specification presented in Table 4 Columns (1) and (3). Figure 2 shows the CATE on each sub 

population for both Goal Setting and Goal Attainment outcomes. The number on the x-axis 

indicates each subgroup, with higher numbers reflecting a higher number of friends, and the y-axis 

indicates the conditional treatment effect. The CATE of Goal Setting in subgroup 10 is 8.1%, 

which is almost twice as large as the maximum of the conditional treatment effect for other 

subgroups. The CATE of Goal Attainment in subgroup 10 is also especially strong. On average, 

individuals in the treatment condition of subgroup 10 have 36.8% lower Goal Attainment Rate 

than individuals in the control condition. Both findings combined together indicate that individuals 

with strong social connections are more susceptible to the social norms message and perform worse 

after receiving the treatment message. 

Figure 2. Conditional Average Treatment Effects   
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4. Contributions 

Our study makes important theoretical and policy contributions. Theoretically, we bridge the 

literatures on social norms and social ties. While both literatures implicate social constructs as key 

drivers of behavior, hitherto they have not been directly related to each other. Digital platforms 

today routinely provide the capabilities of developing extensive social ties. Compared to most 

contexts studied in previous literature for social norms interventions, the online physical activity 

platform provides us a unique setting that supports direct observation of individuals’ social 

connections, whose moderating effects on social norms, to the best of our knowledge, have not 

been carefully investigated. Further, we extend the literature on social norms by studying the 

heterogeneous effects of a social norms treatment beyond users’ pretreatment behaviors (Allcott 

2011; Schultz et al. 2007). From a practice and policy perspective, such heterogeneous treatment 

effects are especially important in the mHealth field because of the inherent differences among 

individuals. As a result, our analysis of the causes of variation in treatment effects provides 

granular policy advice for practitioners, and offers an avenue to further explore heterogeneous 

treatment effects of social norms in other contexts. 
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Abstract 

 
Firms compete for human capital which is a key component of the knowledge economy. The 

ability to explain and predict the flow of human capital between firms provides essential 

intelligence for all of the firms’ stake- holders such as employees, recruiters, government, 

investors, and analysts. The web presence of employees through their LinkedIn profiles provides 

a rich source of data for us to study the interactions between firms and human capital over time. 

In particular, we model such interactions as a network of human capital flows between firms 

with the goal of predicting the inter-firm human capital movement. We find that models that use 

network features in addition to firm-level features such as revenue, industry, and the nature of 

human capital can provide greater predictive accuracy. 
 

Keywords: human capital, predictive analysis, network analysis. 
 

1. Introduction 

Human capital flows (HCF ) or the movement of employees between firms has been shown to be a 

major source of knowledge transfer between firms (Song et al. 2003). Such inter-firm knowledge 

transfers not only impact firm’s financial performance and ability to innovate (Phelps et al. 2012), 

but also serve as a source of growth for the overall economy (Romer 1990). In addition, patterns of 

HCF between firms can unravel a dimension of supply-side competition for human capital between 

firms. In other words, competition between firms manifests itself on both the demand-side 

(consumers) (Pant and Sheng 2015) as well as the supply-side (resources), which has profound 

implications for organizational development (Sørensen 2004). 7 

In this study, we investigate factors that predict and potentially influence the inter-firm human 

capital flow. To this end, we identify a set of firm level covariates that are not only predictive, but 

also give insights in terms of the patterns and reasons that lead to HCF between firms. In particular, 

firms are naturally connected with a network structure by the human capital flows between them, 

which we call an HCF network. The structural features of this network have been shown to be 

related to firm performances (Wu et al. 2014). We show further how the unique information held 

in the HCF network can be useful for understanding and predicting future HCF between firms. 

Successful prediction of firm-level HCF can benefit a wide spectrum of stakeholders of a firm. First 

of all, our study can provide guidance for an employee’s career development by identifying firms 

that are most likely to hire from her current firm. Secondly, human resource managers can apply 

our methods to identify a list of competitors in the labor market (i.e., firms where a focal firm’s 

employees are expected to go to and come from in the future). In particular, a closer look at where 

                                                 
7 Recent news articles present testimonials of competition for in-demand human resources especially in Silicon Valley. Such competition 

has appeared even between companies such as Tesla and Apple (Higgins and Hull 2015) that share no current product in common and 

would not appear to be competitors as such. A recent news story reveals Walmart and Credit Suisse’s efforts (Silverman and Waller 

2015) to crunch data in order to estimate the likelihood of losing employees. Such efforts indicate firms’ interest in gaining timely 

knowledge (through data) on potential flight of talent. 
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employees could move in the future can provide valuable information to guide firm’s future course 

(Godart et al. 2013) and improve retention of human resources. Thirdly, financial analysts would 

benefit from insights on a firm’s prospect in terms of its future human capital movement, which is 

not available from typical data sources such as a financial report. Also, prediction of HCF provides 

implications for tracking types of skills that will be in-demand. Such information can help policy 

makers and educators design programs that facilitate economic growth through the development of 

more valued human resources. 

This study also extends our understanding in terms of why human capital flow takes place between 

firms. By analysing the unstructured texts of firms’ business summaries, Shi et al. (2016) show the 

relationship between firm HCF and their proximity in the product market. With the rich information 

contained in the LinkedIn profile data (Tambe and Hitt 2014), we are able to show how HCF are 

related to firms’ supply-side proximity in human capital or knowledge reserves. 

2. Data and HCF network 

We seed our data by focusing on current (as in May 2015) employees of S&P 100 companies. We 

obtain the LinkedIn profiles of employees of S&P 100 firms by searching through Yahoo! Boss API 

that provides a programmatic access to the Yahoo! web search data. For a given S&P 100 firm, we 

use a combination of keywords that have a high probability of identifying profile pages of employees of 

the firm. As a result, we obtain LinkedIn profiles of 89, 943 individuals. Moreover, based on their past 

working experiences we identify 3, 467 different companies/organizations that the employees had 

worked for at some point in time and use them for our analysis. We obtain other firm-level data such 

as revenue and SIC codes from the Compustat database. 

An HCF network is constructed from the data described above. The nodes of the network are 

different firms and the directed edges between firms are weighted by the number of employees that 

have moved from the source firm to the target firm in a particular year. When all HCF over time is 

considered, the network contains 3,467 firm nodes and 20,171 edges. As an example, Figure 1 plots a 

sub-graph of the HCF network where we notice both intra-industry and inter-industry movements. 

One of our research questions is to understand the role of network properties in determining the 

future movement in the HCF network. 

3. Empirical analysis 

3.1. Variables 

We construct three sets of firm features for predicting HCF between a pair of firms: basic economic 

and industry indicators, human resource (HR) metrics, and network properties. For the economic and 

industry indicators we record for each firm its SIC code, revenue, revenue growth rate and net 

HCF observed between the firms in our dataset. 
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Figure 1     A subset of the HCF network around Google. 

We develop several HR-based metrics based on rich information available in public LinkedIn profiles: 

we aggregate employee education information to create firm-level variables that signify the nature of 

the human capital. Besides, we aggregate the skill-related keywords provided by all employees of a 

firm in a year and use this aggregated set of words as a skill summary of the firm’s human capital. For 

a pair of firms, we compute the cosine similarity of their skill summaries as a measure of knowledge 

gap between them. 

For a given year, the HCF network captures the links between firms based on the movement of people 

between them up until that time. We compute firm betweenness centrality in the net- work as an 

indicator of the extent to which it sits in between the HCF between other firms. We use clustering 

coefficient to measure a firm’s local network structure and the amount of localized movement among 

its neighboring firms. For a firm-pair in the HCF network, we calculate their structural equivalence in 

terms of the similarity in their in-linking and out-linking neighbors respec- tively. Since HCF network 

can be seen a supply-chain network of human capital, the in-linking (out-linking) equivalence of two 

firms indicates the similarity of the upstream (downstream) firms from which they have received 

(provided) their human capital in the past. Table 1 summarizes all the features we are going to use for 

predicting future HCF between a source-target firm pair. 

3.2. Descriptive analysis 

We first explore the relationships between the variables that we identified in Section 3.1 and the future 

HCF of a source-target firm pair. We use regression models that include firm pair fixed effects to 

control for any time-invariant characteristics between them that are not captured by the variables that 

we have identified. Tables 2 summarizes the estimated regression models with different specifications 

of the dependent variable. 

There has been theoretical argument for a trade-off between ease of integration and redundancy of 

human capital of the incoming employee (Song et al. 2003). In other words, one may expect less 
 

Table 1 Variable descriptions. 
Type Variable Explanation 

 

 
Basic 

HCF 

invHCF 

SICSim Rev 

Revttro 

NetHCF 

number of people that move from a source firm to a target firm 

inverse HCF , movement from the target to the source firm 

similarity of 4-digit SIC codes between two firms 

revenue of a firm 

growth rate of the revenue of a firm 

(number of incoming employees − number of employees leaving) a firm 

 
HR 

avgY earWorking 

pctP ostgraduate 

avgUniversityRank 

skillSummarySim 

average number of years since Bachelors degree for the employees 

percentage of employees with a Masters or PhD degree 

average ranking of employees’ Bachelors degree granting universities cosine 

similarity of the skill summary of two firms 

 
Network 

CC 

betweenness 

inlinkSim 

outlinkSim 

firm clustering coefficient: percentage of connected  neighbors 

firm betweenness centrality: number of shortest paths that go through the firm cosine 

similarity of in-linking neighbors for a source-target pair of firms 

cosine similarity of out-linking neighbors for a source-target pair of firms 

Log-transformed HCF , invHCF , Rev and betweenness values are used to account for expected skewness. 

 

Table 2 Estimated coefficients of regresson models. FE: fixed effects model with numeric HCF response. 

FE-clogit: fixed effects conditional logistic regression of ✶[HCF>0]. LM: linear regression model. 

121



  

Model 

Dependent 

(1) FE 

log(HCF ) 
(2) FE-clogit 
✶[HCF>0] 

(3) LM 

log(HCF ) 

skillSummarySim 0.02∗∗∗
 0.20∗∗

 0.03∗∗∗
 

skillSummarySim2
 -0.01 -0.09 0.02∗∗∗

 

sourceBetweenness -0.05∗∗∗
 -0.60∗∗∗

 -0.06∗∗∗
 

targetBetweenness -0.06∗∗∗
 -1.19∗∗∗

 0.01∗∗∗
 

sourceCC -0.02∗∗∗
 -0.16∗∗

 -0.02∗∗∗
 

targetCC -0.00 -0.75∗∗∗
 -0.02∗∗∗

 

inlinkSim -0.15∗∗∗
 -2.63∗∗∗

 -0.04∗∗∗
 

outlinkSim -0.20∗∗∗
 -4.58∗∗∗

 -0.11∗∗∗
 

Firm basic controls Yes Yes Yes 

Firm HR controls Yes Yes Yes 

N 88547 81644 88547 
R2 0.342 -        0.199 

BIC -9380.74 22845.85   39369.60 
 

 
Standardized and one year lag values of independent variables are used. Firm pair and year ftxed effects controlled in FE 
models. Within R2 reported for FE model. ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001. 
 

HCF between firms that are extremely different or extremely similar in their current skill sets. Such 

trade-off suggests a possibility of an inverse U-shaped effect between skillSummarySim and HCF . In 

the fixed effects models, we see HCF is positively related to firm skillSummarySim with a negative 

quadratic term, however this inverse U-shape is not significant. 

After controlling for firms’ economic and human resource metrics, the network properties are still 

significantly related to the future HCF between firms. We find that target firm’s betweenness centrality 

in the HCF network is associated with lower HCF towards them from a given source firm. A central 

position in the HCF network can imply more access to human resource in the labor market (Song et al. 

2003). Therefore, a central firm may have more places to hire new human resources thus less from one 

particular source firm. 

A high clustering coefficient of a firm in the HCF network indicates that there are high levels of 

previous human capital flow between its neighbors, thus higher similarity or less diversity in their 

knowledge stock. We see evidence for lower future HCF between firms with higher clustering 

coefficients or firms in densely connected local neighborhoods. This may be due to very specific 

knowledge and skills necessary for working with these densely connected firms and/or limited career 

opportunities for employees outside of these set of firms. Either way, we can expect lower human 

capital movement in and out of such firms. 

We find consistent evidence of a negative relationship between future HCF and inlinkSim and 

outlinkSim for a pair of firms (noted that we control for industry level similarity between firms through 

the similarity in their SIC codes). In other words, less HCF is expected between firms with similar 

upstream or downstream human capital suppliers. Such negative relationship can be expected as firms 

with similar human capital suppliers are more likely to have similar knowledge stock and hence less 

motivation to hire from each other. 

3.3. Predictive Analysis 

The analysis with linear regression models help us transparently highlight the role of different variables 

in determining human capital flow. We now experiment with machine learning algorithms to evaluate 

the predictive power of the variables identified in Section 3.1. In particular, we are interested in 

understanding the additional predictive utility of network variables above and beyond the information 

embedded in firm basic and human resource variables (see Table 1). 
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We use data up to the year 2012 to estimate/train the predictive models and then test them on their 

ability to predict HCF in 2013 and 2014. We report results of predicting the binary value of whether 

there will be HCF between two firms ✶[HCF>0]. In addition to regression based models, we apply K-

Nearest Neighbors (KNN) and Random Forest (RForest) for predicting future HCF . Such models can 

be opaque and non-linear but at the same time may provide greater predictive accuracy. 

Table 3 shows the performances of prediction where AUC and F1 score are used as measures of 

predictive performance. The overall best performing model is RForest, which may be expected as it 

incorporates the predictive porwer of multiple single decision trees. More importantly, for all three 

predictive models, adding firm network properties improves the prediction performance with respect 

to both the AUC or F1 scores. In addition, it is worth noting that there exists firm pairs in our test set 

where the first human capital flow between them occurs in the years 2013   or 2014. In other words, 

the information on such firm pairs is not included in our training set. Table 4 shows the performance 

in terms of identifying the firms pairs that have their first human capital flow in the years 2013 or 2014. 

For this purpose, we focus on the recall of positive HCF firm pairs that did not have a human capital 

flow between them till 2013. We find, consistent with previous experiment, including the network 

properties improves the prediction performance, and the improvements is more significant for such 

out-of-sample and out-of-time test cases. 

Table 3 Predicting binary positive HCF . 

 

 

 

Basic models (b) include ftrm basic and human resource information. Full models (f) include ftrm basic, human resource 

and network infor- mation. K=15 for KNN. RForest includes 15 decision trees. Average performance of 10 RForest 

models are reported. 

Table 4 Recall of positive HCF firm pairs that did not have a human capital flow between them till 2013. 
Test set (size) KNN (b) KNN (f) Logistic (b) Logistic (f) RForest (b) RForest (f) 

2013 (1525) 5.3% 42.4% 0.0% 12.5% 8.1% 89.9% 

2014 (1537) 3.9% 39.4% 0.0% 8.0% 5.9% 90.0% 

Same experiment set up as Table 3 
 

4. Conclusion 

In addition to competing for customers in the product market, firms also compete for human capital in 

the labor market. However few studies have explored this supply-side competition between firms in 

the labor market. Using the public LinkedIn profiles of thousands of individuals we are able to track 

firms’ competition in the labor market through the human capital flows between them. Our regression 

models tease out the role of basic economic, industry, human capital, and network variables in 

determining the future human capital flow between a pair of firms. The role of network variables is 

further highlighted when we find a significant advantage in using such variables as part of predictive 

models. Also, a simple yet effective machine learning technique strongly outperforms more transparent 

linear regression-based models on the predictive power. 
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Mobile App Analytics: Impact of Rank, Popularity and Quality on  

Click and Conversion Performance 

 

Abstract 
 

This paper studies click through and install behaviors in mobile app markets. We model a user’s 

utility as a function of app impressions’ screen positions, popularity and quality. To control for the 

heterogeneity among users, we implement a hierarchical Bayes bivariate probit model. Our findings 

suggest that apps located in prominent positions in a screen enjoy higher click-through rate, and she 

tend to click popular and high quality apps. We also find that positive quality and popularity effects 

also exist in the install stage while the ranking effect disappears in the conversion stage. The 

managerial insights are also discussed. 

Keywords: Mobile app, Popularity, Rank effect, Hierarchical Bayes 

 

1. Introduction 

Mobile devices are changing people’s life in almost every aspect via mobile applications (apps), 

which was listed as “Word of the Year” by the American Dialect Society in 2010. According to the 

International Data Corporation (2013), annual mobile application downloads on smartphones, tablets, 

and other mobile computing devices will increase from $87.8 billion in 2013 to $187 billion in 2017. 

The usage of mobile apps has become increasingly prevalent across mobile phone users. However, 

the explosion in the number and variety of apps has made discovery a challenge, which in turn has 

raised questions for app distributers as to how to provide visibility of their apps. 

Most prior research of consumer choice in online settings has been restricted to the desktop setting. 

In fact, user behavior in mobile context are quite different due to mobile phones’ smaller screens, 

portability and timeliness (Ghose et al., 2012). Furthermore, there is a limited examination of 

purchase behavior in a mobile setting because the majority of consumers do not yet purchase products 

through mobile devices (Mojiva 2012), with the exception of a few categories such as mobile apps 

and music (Bart et al., 2014). Further, the newness and popularity of the mobile apps industry has 

created many misconceptions about the nature of the market (Bresnahan et al, 2014). Accordingly, 

in this paper we study user app click through and install behavior using a unique data set drawn from 

a mobile app recommendation engine, which gives top performing free apps the most visibility. We 

examine the relationship between user click and install behavior and various apps attributes on the 

results page. In particular, we propose a hierarchical Bayes model in which we estimate the impact 

of apps’ positions (i.e., ranking), total number of downloads (i.e., popularity), and ratings (i.e., 

quality) on consumer click-through behavior and purchase propensity. 

 

2. Literature 

In this section, we discuss multiple streams of relevant literatures including ranking effect, quality 

effect and popularity effect on consumer behaviors. 
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2.1 Ranking Effect 

Ranking effects are explained by the theory of search cost in e-commerce (Yao and Mela 2011). A 

number of works demonstrate that a lower rank ordering in a list of links has a significant negative 

impact on consumer behavior in PC settings (e.g., Ghose and Yang 2009). There is relatively less 

literature (e.g., Ghose et al.; Dewan and Ho 2015) that examines rank effect on the mobile Internet. 

In the apps market literature, Carare (2012) builds a reduced-form model and shows the impact of 

today’s best-seller rank information on tomorrow’s demand and on consumers’ willingness to pay 

using Apple’s App Store data. Garg and Telang (2013) calibrate the relationship between rank and 

sales in mobile apps market and conclude that apps at higher rank enjoys more download than apps 

positioned at lower rank. But the data on ranks used in both papers are top list so they cannot 

disentangle positive ranking effect from the primacy effect or from network effect. 

 

2.2 Popularity Effect 

Individuals do not make decisions independently, but rather are influenced by the behavior of others 

(Cialdini and Goldstin 2004). Salganik et al. (2006) experimentally demonstrates that the information 

on other users’ consumption contributes both to inequality and unpredictability in music sales. Other 

researchers find similar results for book stores (Sorenson, 2007) and software (Duan et al. 2009).  

Sorenson (2007) finds that being featured on a bestseller list leads to a modest increase in sales for 

the average book and Duan et al. (2009) demonstrate that online users’ choice of software products 

exhibit distinct jumps and drops with changes in download ranking. Since apps are an experience 

good (Nelson 1970), signals from others, in the form of popularity, affect choices and decisions about 

what to consume. In this paper, we explore this popularity effect on consumer decision-making in an 

apps market. 

 

2.3 Quality Effect 

Online user reviews are an important source of information about product quality to consumers 

(Chevalier and Mayzlin, 2006). A number of works have demonstrated an association between 

product reviews and sales. Researchers (e.g., Liu 2006; Duan et al. 2008) study quantitative aspects 

of reviews, i.e., numeric review ratings and volume of total reviews. A variety of empirical evidences 

have shown the effects of review quality across different industries, such as online bookstore 

(Chevalier and Mayzlin, 2006) and hotel reservations (Ghose et al. 2014). In apps market, Ghose and 

Han (2014) adopt app age and version age as a measurement of maturity of apps and demonstrate 

that quality updates are an important driver for demand and both the volume and the valence of user 

rating have a positive impact on app demand. In this paper, we harness average review rating as a 

measurement of its quality and difference us by using real transaction data to explore consumers’ 

click-through and install behavior. 

 

3. Data and Empirical Settings 

We collect a unique data set from a carrier, which owns and operates one of the largest wireless 

telecommunications networks for pre-paid services in the United States (which shall remain unnamed 

in this study). The company provides a range of wireless products and services, customer support to 

4.8 million customers at the end of 2014. Those mobile phones are pre-loaded with a web browser 

optimized for that platform. When a user opens the browser, it automatically loads a default portal 

homepage where she could start to surf the Internet (as shown in Figure 1a). Depending on her needs, 

she may do a web search by entering search terms in the search bar or find an app by clicking on the 

label of “FREE Apps” or “More Apps” at the end of the free apps slot. Since the research context of 
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this paper is apps, we restrict our discussion to this service.  Once the user clicks on either one of 

the two labels, she will be redirected to an app offer wall, on which a list of recommended apps are 

shown (as displayed in Figure 1b). This list is decided according to eCPM (effective cost per 

thousand impressions), which is basically the revenue generated per 1000 impression. She may click 

the recommended apps by “Top Picks”, or click “Browse Categories” to browse apps with different 

categories. 

 

Figure 1a 

 

Figure 2a 

Our dataset is from the part of “Top Picks”, thus we will focus on this service. Apps shown on this 

page (or impressions) are free and users can acquire information on the apps’ ratings and simple 

description. If a user is interested in one of the apps in “Top Picks”, she clicks it and is redirected to 

app store such as Google Play, Apple’s App Store, or other app stores, and then she can read more 

information on this particular app and decide to install or not. We denote the first activity as click-

through and the second as conversion. Table 1 summarizes the key variables of our models. 

Table 1. Summary Statistics 

Variables Mean Std. Dev. Min Max 

Click 0.015 0.122 0 1 

Install 0.001 0.037 0 1 

Rank 19.704 20.241 1 195 

Rating 4.054 0.243 3 5 

Log(Number of Installs) 16.939 1.877 8.923 21.822 

Game 0.701 0.458 0 1 

Log(Number of Ratings) 11.734 1.996 3.583 17.216 

Log(Length of Description) 4.779 1.317 0 8.459 

N=318,405     

Our data set includes all user activities in the first three weeks of July 2015 comprising of app 

characteristics, visitors’ impressions, clicks and installs. The apps in our final dataset consist of 378 

apps with 319,482 impressions, 4,797 clicks and 428 installs. We capture a list of app-related 

information provided to visitors when they browse via their handsets. The impression data set 

includes all the impressions of the apps showed to the visitors during the first three weeks of July 

2015. The click data set includes visitors’ click activities on the impressions, and the timestamp and 

position of the apps when they are clicked. The install data set includes users’ install activities and 

when the activity happens. If one visitor clicks an app and then downloads it, these two activities 

share the same transaction id, allowing us to connect the two behaviors. Therefore, our dataset 
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records two-stage consumer behaviors. We reconstruct impressions shown to in one session and 

achieve the ranking data by grouping visitor and timestamp.  

 

4. Empirical Models 

We capture this heterogeneity via a hierarchical Bayes approach, which treats consumers’ 

preferences as random. In this approach, the coefficients of the variables are separated into two parts: 

1) random part that varies across consumers, and 2) fixed part that does not vary across consumers.  

In our model, a visitor decides to click or install an app that provides expected utility higher than a 

certain threshold that she gains from not clicking or downloading (standardized to 0). For a given 

impression j, the relationship between the observed response yij
k  and the latent utility uij

k  of 

clicking (k=1) and installing (k=2) for consumer i can be written as:  

yij
k = {

0, if uij
k ≤ 0,

1, if uij
k > 0,

       k = 1, 2. 

We model the latent utility uij
1  from clicking on an Impression j for User i as a function of 

impression-specific characteristics, and we model the utility uij
2  from installing as a function of CTR 

and a larger set of impression-specific characteristics. We are interested in the effects of rank, number 

of downloads, and rating on a consumer’s propensity to click and install.   

 

4.1 Click-through Rate Model 

Using random utility theory, we model the utility from clicking one link of an app as 

uij
1 = uij

1∗ + εij = βi0 + βi1Rankij + βi2Ratingj + βi3LnNumDownloadsj + βi4Gamej + εij, 

where εij ~ N(0, 1). The click-through rate can be modeled as 

pij
1 = Pr(yij

1 = 1) = Pr(uij
1 > 0) = Φ(uij

1∗), 

where Φ is the cumulative density function of a standard normal distribution. We capture the 

unobserved heterogeneity among consumers with random coefficients  βi = β̅i + ζi,  where  βi =
(βi0, βi1, … , βi4)′, β̅i = (β̅i0, β̅i1, . . . , β̅i4)′, ζi = (ζi0, ζi1, … , ζi4)′ and ζi ~ MVN(0, Σζ). 
 

4.1 Click-through Rate Model 

The utility from installing an app conditional on it was clicked is modeled as 

uij
2 = uij

2∗+ϵij = θi0 + θi1Rankij + θi2Ratingj + θi3LnNumDownloadsj + 

                                θi4LnNumRatingsj + θi5Gamej + θi6LnLengthDiscription + ϵij, 

where ϵij ~ N(0, 1). The conversion rate can be modeled as: 

pij
2 = Pr(yij

2 = 1|yij
1 = 1) =

Pr(uij
1>0,uij

2>0)

Pr(uij
1>0)

=
Φ(uij

1∗,uij
2∗,ρ)

Φ(uij
1∗)

, 

where ρ  is the correlation between the errors of the two equations. The heterogeneity among 

consumers is modeled as θi = θ̅i + ηi, where θi = (θi0, θi1, … θi6)
′, θ̅i = (θ̅i0, θ̅i1, … , θ̅6i)

′,  
ηi = (ηi0, η1i, … , ηi6)′ and ηi ~MVN(0, Ση). 
Finally, to model the unobserved correlation between click-through rate and conversion rate, we 

assume the error terms are correlated in the following manner 

(εij
ϵij
)~BVN((

0
0
) (

1 ρ
ρ 1

)). 
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5. Estimation and Results 

Given the context how data are generated, there are three possible results for each app with each 

consumer – not click, click but not install, not install and they can be expressed as: 

1. Not click: Pr(yij
1 = 0) = 1 − Φ(uij

1∗) 

2. Click but not install: Pr(yij
1 = 1, yij

2 = 0) = ΦBVN(uij
1∗,  − uij

2∗, ρ) 

3. Click and install: Pr(yij
1 = 1, yij

2 = 1) = ΦBVN(uij
1∗,  uij

2∗, ρ) 

Thus, the likelihood function is written as: 

L = l(yij
1 , yij

2|βi̅, θi̅, Σ
η, Σζ, ρ) 

    =∏∏(1−Φ(uij
1∗))1−yij

1

ji

(ΦBVN(uij
1∗,  − uij

2∗, ρ))yij
1∗(1−yij

2 )(ΦBVN(uij
1∗,  uij

2∗, ρ)yij
1∗yij

2

, 

where βi̅, θi̅, Σ
η, Σζ, ρ are parameters in our model and needed to be estimated. A Markov Chain 

Monte Carlo (MCMC) procedure is adopted to draw parameters from the following full conditions.  

βi̅, θi̅| Σ
η, Σζ, ρ, yi

1, yi
2 

Ση, Σζ| βi̅, θi̅ 
ρ| βi̅, θi̅, yi

1, yi
2 

We adopt a Random Walk Metropolis-Hasting algorithm for steps and 50000 iterations and discard 

10,000 draws as burn-in. We calculate posterior mean, standard deviation and empirical p-values 

based on the remaining 40,000 draws. The results are showed in Table 2. 

Table 2. Results of Bayes Estimation 

Variables Click-through Rate Conversion Rate 

Rank -0.009*** (0.000) -0.013*** (0.029) 

Rating -0.048*** (0.015) -0.191*** (0.074) 

Log(Number of Installs) -0.031*** (0.000) -0.053*** (0.031) 

Log(Number of Ratings)  -0.015*** (0.024) 

Log(Length of Description)  -0.021*** (0.019) 

Game -0.072*** (0.006) -0.031*** (0.017) 

Intercept -3.101*** (0.094) -4.139*** (0.270) 

ρ  = 0.031** (0.003) 

N = 318341 

The coefficient for Rank is negative and significant, indicating that negative rank effect exists in the 

click-through stage. The better the position of the app on the screen, the higher the click-through rate. 

However, when it comes to conversion stage, the negative effect diminishes even though the 

coefficient if still negative. It is intuitive that once an app is clicked, where it is shown does not 

matter anymore. The coefficients of Rating in two models are both positive and significant, 

suggesting that rating is a factor no matter in click stage or in conversion stage. Since Rating is a 

proxy for apps’ quality, we can say that the higher the quality of an app, the higher the click-through 

rate and the higher the conversion rate. Comparing its coefficients in two models, 0.048 in click-

through rate model versus 0.191 in conversion rate model, we can also induce that quality effect is 

more crucial in conversion stage. The coefficients of log(number of installs) in both models are 

positive and significant, meanwhile, the scale in conversion rate model is bigger than in the click-

through rate model, showing that popularity effect plays a positive role throughout this two-stage 

decision-making and gets more important as the decision making process goes down. However, the 

scales are smaller than of Rating, which means that popularity is not as important as quality when 
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consumers consider whether to click or install an app. Games enjoys less click-through rate and 

conversion rate than non-game apps. 

 

6. Conclusion 

There is widespread adoption of mobile apps, yet effective monetization strategies remain poorly 

understood. Along with the increasing revenue in mobile apps market comes the intense competition 

among mobile app platforms and channels. It becomes important to understand the underlying drivers 

of user behaviors on these platforms. In this paper, we explore the effect of ranking, rating and 

popularity on consumers’ click-through and install behaviors. We also use a hierarchical Bayesian 

approach to capture consumer heterogeneity. We show that click-through rate increases with the 

prominence of screen position, valence of rating, and number of consumers who installed the app. 

The quality and popularity continue to play direct, positive and even more crucial roles on conversion 

rate while negative ranking effect doesn’t significant in this stage. Quality effect is larger than 

popularity effect throughout the two-stage decision making process.  

There are also limitations in our study. First, we didn’t consider the impacts of consumer 

demographics on their preferences because of data limitation, resulting that we can only capture the 

unobserved heterogeneity among consumers. Future researchers with consumer demographics can 

profile customers and capture the factors that influence their preferences, and in turn help optimize 

the display of apps in a manner of personalization and more precisely estimate consumer behavior. 

Second, we use reduced model to capture the relationship between CTR and CR. Even though we 

confirm that ranking in our context is almost random, we cannot eliminate this endogeneity among 

CTR, CR, ranking, quality and popularity, neither can we isolate the three effects from each other. 

Considering this, we will adopt a quasi-random natural experiment in the next step to explore the 

isolated casual effects. Furthermore, based on the findings, we realized that consumers respond 

differently to different information in different settings. For example, consumers care more about 

quality than popularity when it comes to conversion stage, they care even more about quality. Future 

work can also work on this and explore the best strategy to show information step by step with respect 

to consumers in different purchase funnel stages in order to optimize information presenting in 

recommenders. We finally aim to design a ranking and recommending strategy based on 

personalization for the app recommendation engine of interest. The marketing literature has proposed 

several model-based recommendation systems to predict preferences for recommended items (Ansari 

et al. 2000, Ying et al. 2006, Bodapati 2008). A more recent trend along this line is adaptive 

personalization systems (Ansari and Mela 2003, Rust and Chung 2006, Chung et al. 2009, Ghose et 

al. 2012b). We can also make use of this method in other contexts, which can accommodate 

multitudinous products and more complex recommenders, so that we can probe the values of 

recommenders and how to better take advantage of them. 
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Abstract 
We study the role of strategic behavior in the performance of financial incentives under mobile setting. 

We leverage a quasi-experimental design upon the campaigns with rewards on a mobile health app 

to identify the effect and rule out potential self-selection bias. We find evidence that financial rewards 

lead to improvements in weight-loss performance during the intervention as well as strategic 

behavior before the intervention. We further find that social network features have a moderate effect 

to mitigating the scope. That is, the participant who has more social connections and interactions 

responds less strategically to the incentive program. Thus, although financial incentives have a 

significantly positive impact, the superiority is mainly due to a shift in the timing of weight-loss, and 

it seldom lasts for one month after the intervention. The results suggest that strategic behavior of the 

participants should be a major consideration in designing incentive programs under mobile setting.  

 

Keywords: mobile health, strategic behavior, financial incentives, quasi-experiments  

  

1. Introduction  

Practitioners have widely implemented financial incentives in behavioral interventions and 

performance promotions. The applications of reward-based incentives are ubiquitous, ranging from 

education, charity, smoking cessation, to weight management (for a review, please refer to Gneezy 

et al., 2011). Despite their popularity, the effectiveness of financial incentives heavily depends on the 

contexts. The rapid development of mobile technology has facilitated the revolutionary change in 

health management, bringing in a variety of compliments and creating new possibilities in the 

healthcare industry (Fox and Duggan, 2010), such as weight management and chronic disease control.  

While the interpolate of financial incentives to the mobile health context is prominent, the impact 

remains empirically unacknowledged since there are a few aspects of mobile context that is different 

from traditional context (Kwon et al., 2016). On the one hand, users may be encouraged to take 

advantages of unique mobile features, such as mobility, flexibility (Ghose and Han 2011), and social 

connectivity (Yan and Tan, 2014) to satisfy their needs. In consequence, it results in eliciting effort 

and generating desirable behavior, which may significantly reshape intervention outcomes. On the 

other hand, financial incentive induces distortions, thus users who are mostly self-monitored may 

strategically boost or default in action to have a better chance of being qualified for the reward, even 

though they could have better performance during this period (May et al., 2014). The literature on 

gaming effects suggests that strategic behaviors are driven by the uncertainty of reaching the 

threshold and getting the reward (Courty and Marschke, 2004; Oyer 1998). The rationale behind is 

economically straightforward—rational utility maximizers tend to relocate performance in a short 

period of time (i.e. game the incentive program) to be able to reach the threshold for getting a reward.   

In our context, such strategic behavior not only increases the cost of incentive programs on the mobile 
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app but also decreases the efficiency in health management and jeopardizes the longterm benefits of 

users. Given this research gap in the literature, this paper aims to examine:  

1. Do financial incentives lead to positive impacts under the mobile setting?   

2. Does strategic behavior exist along with financial incentives under the mobile setting?   

3. What features of the mobile app can prevent users from performing strategic behavior?  

We answer the above research questions by analyzing a unique dataset from one leading mobile 

health application. We leverage a quasi-experimental design upon a series of weight loss campaigns 

on the mobile application. Specifically, two groups—one experimental and one control group—are 

selected to yield a quasi-experimental comparison. We carefully match the two groups to be 

equivalent prior to the exposure of the incentive treatment and rule out the potential selfselection bias. 

Relying on a difference-in-differences (DID) framework, we quantify the short and long term effects 

of financial incentive and find the evidence of strategic behavior which could be one factor incurring 

the controversial findings in previous studies on the impact of financial incentive in the long term 

(Gneezy et al., 2011).  

2. Research Context and Design  
We investigate one of the largest weight management mobile apps which has a total of 40 million 

registered users as of Mar 2017. The platform not only offers various weight control instructions and 

diet plans, but also provides visualized dashboard recording users’ body weight, calories taken from 

food, calories burned by exercising, and their weight loss targets. Moreover, this platform has social 

networking features that allow users to follow and be followed by other users, as well as interact with 

each other by tweeting and mentioning. More interestingly, the platform holds multiple rounds of 

weight loss campaigns (i.e. incentive programs) in the recent three years, with financial rewards (one 

share of the money pool) issued upon reaching the goal of losing 4% percentage of the body weight 

by the end of the campaigns. To prevent defrauding, the platform develops a strict validation process 

to filter out unqualified users or fraud reporting at the beginning and the end of the campaigns.   

Importantly, there is potential strategic behavior among the participants, because of the non-linearity 

of the compensation scheme. Consider a participant who know the schedule (the starting and ending 

date) and the 4% threshold for winning the reward, in advance to the campaign. The participants may 

want to maximize the probability of winning by adopting the following strategy: hold their 

performance before the campaign and boost it during the campaign. In addition, when the expected 

performance is closer to the threshold, there should be a greater motivation for such strategic behavior.   

Our research context provides a proper mobile environment to observe users’ behavior and test our 

theoretical predictions. We require high similarity between users in the treatment and control groups 

to have a valid causal inference. Since in our context, users sign up for the incentive programs (weight 

loss campaigns), introducing a non-random selection bias and endogeneity issue. Specifically, it is 

possible that users’ unobserved characteristics, such as opportunity cost, simultaneously lead to 

participation in the campaigns and their weight-loss performance. We take advantage of the 

registration process1 of the campaigns to conduct a quasi-experimental design to deal with the 

potential self-selection issue. We define the users who participated in the campaign as the treatment 

group and users who initiated the registration but did not participate in as control group. Clearly, both 

groups have high interests in joining the campaign, and the only difference between two groups is 

the completion of registration process. 

 

1There may be many reasons why a user did not complete the registration process, such as fail to deposit money or upload 

initial weight information (technical issues), etc. However, these reasons should not make a considerable difference 

between the two groups. Later, we use propensity score matching to further minimize these possibilities.  
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Furthermore, the control group users are less likely to wait for another campaign since they cannot 

perfectly anticipate the starting date (before the official announcement). To mitigate the remaining 

resource of self-selection and strengthen the causalities, we further apply propensity score matching 

(PSM) to match treatment group users with control group users.  

Our dataset includes individual-level information on a population of users’ demographics, personal 

weight, diet, and calorie records, as well as social features on a daily basis. We establish an 

unbalanced panel dataset from these records. Moreover, we build a social network of users based on 

their following relationship and social interactions. Then, we exploit timing assumption of the 

incentive program for the quasi-experiment and define the pre-announcement, preintervention, 

intervention and post-intervention periods, respectively. We keep track of percentage change in body 

weight of the users in the two groups along the four periods so that the difference in their performance 

between the two groups in the Intervention period reflects the short-term effect of financial incentive, 

and the difference in their performance in the Post-Intervention period reflects the long-term effect. 

Moreover, the difference between the two groups in the PreIntervention period reflects the strategic 

behavior. We illustrate the timeline of the quasiexperiment in Figure 1.  

Figure 1. Timeline of Quasi-Experimental Design (the Third Campaign for Example) 

 

In total, we have 19,618 users in the treatment group and 43,699 users in the control group. We 

compare the average percentage weight change of users in the two groups in the four periods in 

Figure 2, where the blue and red bars represent the control and treatment groups, respectively. This 

model-free evidence shows that the two groups have similar pattern before the announcement of the 

campaigns, which confirms the similarity between the two groups. Next, treatment group users 

reduce slightly less weight in the pre-intervention period than the control group users, indicating the 

existence of strategic behavior.   

Figure 2. Comparing Percentage Weight Change 
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3. Empirical Model  
Our identification strategy relies on comparing the difference in percentage weight change between 

treated users and untreated users, before, during, and after each campaign. In addition, since social 

network measures and social activities may have impacts on their weight loss performance as well, 

they are included in the regression as control variables. In particular, we apply a panel data difference-

in-differences fixed effects regression model to estimate the impact of a financial incentive on users’ 

weight loss performance.   
𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑊𝑒𝑖𝑔ℎ𝑡𝐶ℎ𝑎𝑛𝑔𝑒𝑖𝑡 

= 𝛽1𝑇𝑖𝑚𝑒𝐷𝑢𝑚𝑚𝑖𝑒𝑠𝑡 + 𝛽2𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡𝑖×𝑇𝑖𝑚𝑒𝐷𝑢𝑚𝑚𝑖𝑒𝑠𝑡 + 𝛽3𝐿𝑜𝑔𝑁𝑢𝑚𝐹𝑜𝑙𝑙𝑜𝑤𝑒𝑒𝑖𝑡 

+ 𝛽4𝐿𝑜𝑔𝑁𝑢𝑚𝐹𝑜𝑙𝑙𝑜𝑤𝑒𝑟𝑖𝑡 + 𝛽5𝐿𝑜𝑔𝑁𝑢𝑚𝑃𝑜𝑠𝑡𝑖𝑡 + 𝛽6𝐿𝑜𝑔𝑁𝑢𝑚𝑀𝑒𝑛𝑡𝑖𝑜𝑛𝑖𝑡 +𝛼𝑖 +𝜖𝑖𝑡  

The outcome variable 𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑊𝑒𝑖𝑔ℎ𝑡𝐶ℎ𝑎𝑛𝑔𝑒𝑖𝑡 measures the weight loss performance of individual 

i at time t, serving as the dependent variable. In the main analysis, we adopt percentage  

change in weight as the measure (𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑊𝑒𝑖𝑔ℎ𝑡𝐶ℎ𝑎𝑛𝑔𝑒𝑖𝑡 =
Weightit−Weighit−1 

InitialWeighti
 ×100), where initial 

weight is the users’ body weight at the beginning of the campaign’s pre-intervention period. As a 

robustness check, we also implement change in weight as the measure, and the results are highly 

consistent. One potential issue with the weight data is sparsity. We apply a Matlab-based linear 

interpolation algorithm to fill in missing daily weight records between two existing records. As a 

robustness check, we also apply “previous” interpolation method, in which we use previous weight 

record values until a new value enters, and the results are highly consistent.   

4. Main Results  

4.1 Evidence of Gaming Behavior  
We present the results of the difference-in-differences model upon six campaigns in Table 1. Relying 

on the DID setting, the coefficients of interaction terms represent the additional effect of an incentive 

program on weight loss performance of users in the treatment groups. We find that the coefficients 

of Period2×Treat are positive and statistically significant for all six rounds, which indicate that users 

exhibit gaming behavior prior to the incentive program. The participants relocate the weight they 

should have reduced in the pre-intervention period to the intervention period so that they could have 

higher possibility to reach the 4% threshold and get the reward. We also verify the short-term effect, 

since the coefficients of Period3×Treat in all campaigns are statistically significant (coefficients 

range from -0.794 to -1.537, p-values are smaller than 0.001). The marginal effect is an additional 

reduction of body weight from 0.8% to 1.5%, which is a considerably large magnitude since the 

weight loss target is 4%. In addition, we observe a negative long-term effect of a financial incentive 

on weight loss performance, since coefficients of Period4×Treat are significantly positive.  

Table 1. Estimation Result of DID 
Campaign  1  2  3  4  5  6  

 Period2    0.259***  -0.023  -0.188***  -0.187***  0.160***  -0.334***  

 (0.031)  (0.043)  (0.030)  (0.047)  (0.042)  (0.042)  

 Period3    0.349***  -0.074  -0.806***  0.231***  0.569***  -0.015  

 (0.035)  (0.046)  (0.035)  (0.049)  (0.046)  (0.046)  

Period4  0.499***  0.187***  -0.565***  0.566***  0.628***  0.235***  

  (0.037)  (0.048)  (0.036)  (0.049)  (0.047)  (0.045)  

Period2×Treat    0.541***  0.519***  0.570***  0.613***  0.322***  0.305***  
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 (0.066)  (0.073)  (0.070)  (0.079)  (0.068)  (0.073)  

Period3×Treat    -1.057***  -1.455***  -0.920***  -0.794***  -1.305***  -1.537***  

 (0.073)  (0.076)  (0.073)  (0.079)  (0.073)  (0.078)  

Period4×Treat  0.532***  0.473***  0.388***  0.485***  0.445***  0.239**  

  (0.071)  (0.075)  (0.071)  (0.081)  (0.071)  (0.074)  

Observations  43,019  30,654  40,065  30,208  33,025  29,994  

Number of users  12,244  8,703  11,107  8,651  9,161  8,478  

R-squared  0.087  0.116  0.111  0.111  0.119  0.091  

Note. The dependent variable is PercentageWeightChange. Social structure and activities measures are 

included as control variables, but their coefficients are not reported. Standard errors are under the 

coefficients. ***significant at 0.001, **significant at 0.01, *significant at 0.05, +significant at 0.1.  

To mitigate potential endogeneity, we further leverage the observed characteristics of users to 

construct propensity score matched (PSM) panel datasets and conduct the same fixed effects 

regression. Due to the space limitation, we do not present tables showing the main effects with PSM 

data. Nevertheless, we also omit the table with weekly granular analysis. In general, both PSM results 

and weekly panel data results confirm our main findings of the strategic behavior in the pre-

intervention period.  

4.2 Moderators for Gaming Behavior  

To access how the active social activities may moderate users’ gaming behavior, we further estimate 

the weekly panel data with three-way interactions. There are two sources of social measures in our 

setting: social activities measure such as # of tweets and # of mentions, and social network structure 

measure such as in-degree and out-degree of the users (i.e., # of followers and # of followees). In 

detail, we generate a binary (High/Low) variable for each moderator, namely logtransformed number 

of tweets, mentions, followers, and followees, and construct three-way interaction terms with weekly 

dummies and the treatment indicator. We present the results for the coefficients of the moderating 

effect models in Table 2. Columns 1 and 2 indicate that active users who post more tweets or are 

more mentioned by their followers have relatively less strategic gaming behavior (coefficients are 

significantly negative for the third or fourth week in the preintervention period). Columns 3 and 4 

demonstrate that users with more social network connections have relatively less gaming behavior 

(coefficients are significantly negative for the fourth week in the pre-intervention period). In 

conclusion, social networking feature has the potential to restrict the users’ gaming behavior against 

the incentive programs.  

Table 2. Estimation Result of DID: Moderating Effect 

 Specification  1  2  3  4  

 Moderator  Log(#Tweet)  Log(#Mention)  Log(#Follower)  Log(#Followee)  

 

Week1×Treat×High  -0.032  0.006  -0.011  -0.001  

  (0.027)  (0.028)  (0.027)  (0.027)  

Week2×Treat×High  -0.016  0.002  -0.018  -0.040  

  (0.028)  (0.029)  (0.028)  (0.028)  

Week3×Treat×High  -0.005  -0.071*  -0.007  -0.003  

  (0.030)  (0.032)  (0.030)  (0.030)  

Week4×Treat×High  -0.107**  -0.099**  -0.086**  -0.092**  
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  (0.033)  (0.035)  (0.033)  (0.033)  

 

Week5×Treat×High  0.066*  -0.015  0.042  0.048  

  (0.031)  (0.034)  (0.032)  (0.031)  

Week6×Treat×High  -0.028  -0.056*  0.013  0.002  

  (0.030)  (0.032)  (0.030)  (0.030)  

Week7×Treat×High  -0.010  -0.096**  -0.022  0.037  

   (0.030)  (0.032)  (0.030)  (0.030)  

Week8×Treat×High  -0.120***  -0.159***  -0.014  -0.001  

  (0.031)  (0.033)  (0.031)  (0.031)  

 

Week9×Treat×High  0.017  0.017  0.009  -0.027  

  (0.030)  (0.032)  (0.030)  (0.030)  

Week10×Treat×High  -0.015  0.006  0.041  0.037  

  (0.030)  (0.032)  (0.030)  (0.030)  

Week11×Treat×High  0.013  0.004  0.032  0.032  

  (0.029)  (0.031)  (0.030)  (0.029)  

Week12×Treat×High  -0.037  0.007  -0.005  -0.006  

  (0.029)  (0.031)  (0.029)  (0.029)  

Observations  504,426  504,426  504,426  504,426  

Number of users  36,899  36,899  36,899  36,899  

R-squared  0.039  0.039  0.039  0.039  

Note. The dependent variable is PercentageWeightChange. Due to space limitation, we only report the 

coefficients of the interaction terms. Standard errors in the parentheses are clustered at the user level. 
***significant at 0.001, **significant at 0.01, *significant at 0.1.  

 

5. Conclusion and Future Directions  
We examine the impacts of financial incentives on weight loss performance under a mobile health 

app setting. Through the empirical study, we obtain the following key findings. First, financial 

incentive programs directly and positively affect the weight loss performance in the short-term. 

Second, financial incentives lead to a strategic behavior, represented as a timing shift of weight loss 

performance. Third, the strategic behavior is moderated by the user’s social activities and social 

network connections. Our study contributes to the literature on economic incentives for behavior 

intervention under mobile settings. We provide practical implications for mobile app developers in 

enhancing the incentive programs and designing the features.  
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“Make Healthcare Apps Great Again”: 

The Role of Incentives and Cues in Promoting App Usage 
 

Abstract 
 

Despite the promise healthcare apps hold in the management of chronic conditions and general 

health, they face the inherent problem of low usage levels. To address this issue, we propose four 

app design features based on monetary incentives and informational cues. Partnering with an app 

company that develops a tracking app for diabetic patients, we deploy different versions of the app 

mirroring the various schemes to assess their efficacy in driving short-term and long-term usage 

levels. Results from our field experiment suggest that monetary rewards and past usage information 

can be used to spur initial usage levels. Users exposed to the financial schemes continue to have 

higher usage levels upon the removal of financial incentives, but at a reduced rate. Motivated and 

health conscious users tend to respond more positively to these schemes. 

 

Keywords: Mobile app, Usage level, Health IT, Field Experiment, Econometrics 

 
1. Introduction 

Mobile health apps hold the promise of helping individuals manage their health and wellness, 

promote healthy living, and provide relevant on-demand medical information. Given its potential 

value, the global mobile health market is projected to grow at a rate of close to 50% between 2013 

and 2020, and would ultimately reach a size of US$49 billion by 2020. Recent industry reports 

estimate that over 1.7 billion users would have downloaded mobile health apps by 2018. The 

gargantuan demand for healthcare apps stems mainly from the trend of a growing aging population 

faced with rising incidences of chronic diseases such as cancer, heart ailments, and diabetes. Thus, 

it is not surprising that mobile apps that perform chronic disease management and monitoring are 

likely to own the lion’s share of the revenue among all mobile health apps. Despite the great faith 

that analysts place on the market potential of healthcare apps, physicians remain skeptical on the 

value of such apps to patients. Specifically, the low engagement rate of mobile apps meant that 

healthcare apps are likely to suffer from low levels of sustained usage. According to Google’s 2015 

mobile app report, more than one-third of the users abandon mobile apps due to a loss of interest. 

Without a sustained level of usage, the healthcare apps are unlikely to be successful in performing 

the purported function of monitoring and managing users’ medical conditions and well-being. 

Moreover, the prerequisite in monitoring one’s health via healthcare apps requires users making 

deliberate efforts to provide regular inputs to the app. Thus, compared to social networking or 

gaming apps which engage users through their perusal of app content, healthcare apps has a higher 

bar to meet in terms of sustaining usage, as they would first need to motivate users to provide 

personal health information on a regular basis before meaningful content and informative trends 

can be furnished back to the users. 

 

Motivated by the need to sustain regular usage of mobile health apps, we explore the efficacy of 

various design strategies for spurring user motivation in uploading personal information. Given that 
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users need to provide personal information to the app before the value of health monitoring can be 

realized, our proposed strategies are aimed at boosting the initial app usage level. To this end, we 

consider two broad sets of strategies in this study, namely the use of financial incentives and 

informational cues. Financial incentives represent a common strategy used to promote the 

initial use of the service offered by new platforms. For instance, ridesharing apps such as Uber and 

Lyft offer free rides to new users, so that riders get a chance to sample the service. Likewise, to 

encourage users to experience online shopping with a two-day delivery service, Amazon offers a 

free trial of its Prime membership to new users. The largest online home-stay network, Airbnb, 

attempts to woo business users by presenting them with a $50 coupon to use in their next Airbnb 

stay. However, the long term deployment of financial schemes may not be viable from a bottom-

line perspective, given that the costs borne by the company can add up quickly as more users adopts 

the service over time. In light of this limitation, we also consider non-financial schemes that 

promote app usage through intrinsic motivation and can be deployed over time. In particular, we 

look towards the use of informational cues that facilitate the comparison of user performance. Such 

comparisons are likely to induce a sense of self-knowledge and adherence to group norms, which 

can in turn influence one’s usage behavior. In sum, our research entails two main goals: 1) assessing 

and measuring the impact of financial incentives and informational cues on initial app usage levels, 

and 2) understanding whether financial incentives have a lasting effect on app usage after its 

removal and contrasting the app usage level induced by financial incentives with that induced by 

informational cues. On top of these goals, we also investigate whether the heightened use of 

healthcare apps can lead to better health outcomes. In our study, we measure app usage level by 

looking at the number of times users have uploaded health information to the app. 

 

We test out the efficacy of these design features in a field experiment via a blood glucose tracking 

app designed to aid diabetic patients in managing their eating habits and lifestyle. In our partnership 

with the app company, we created five versions of the app for the field experiment, of which two 

are designed to spur usage using financial incentives (i.e., rewards given in fixed and random ways) 

and the other two rely on informational cues to encourage greater usage (i.e., past usage 

performance of user and number of other users uploading data). The outcomes of these four 

treatment groups are contrasted with that of the control group which uses a version of the app 

without incentives or informational schemes. Results suggest that both forms of financial incentives 

increase initial app usage. Interestingly, information on the users’ past usage levels is effective in 

spurring users to provide more blood glucose uploads. Yet, the presence of social cues on the usage 

behavior of other users does not bear an impact on the focal user’s uploading frequency. We further 

find that the efficacy of these incentives and cues are subject to heterogeneous effects. Generally, 

users who are health conscious and have health needs tend to respond more positively to these 

incentives and cues. In addition, we find that users exposed financial incentives continue to upload 

more health information but at a lower frequency, after the incentives are withdrawn. These reduced 

usage level are on par with those derived in the condition where users are exposed to information on 

their past upload frequency. Finally, under an instrumental variable strategy, we assess the 

relationship between the upload frequency and health outcomes. Higher app usage level is found to 

be correlated with better blood glucose outcomes. 

 
2. Related Works 

The use of financial incentives and informational cues as app design features is motivated by extant 

literatures on gamification, self-diagnostic function, and the Social Identity model of 

Deindividuation Effects (SIDE). Financial incentives have been successfully used in various 
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settings to stimulate behavioral changes, which includes enhancing academic performance (Fryer 

2010), losing weight (Volpp et al. 2008), and inducing exercise habits (Charness and Gneezy 2009). 

Of particular relevance to the focal study is the use of monetary incentives to enhance participation 

and usage in online and mobile contexts. For instance, Cabral and Li (2015) have utilized monetary 

incentives to encourage users to contribute product reviews. In addition, platform businesses (e.g., 

Amazon, Airbnb, and Lyft) have been providing free service and promotional credit to new users so 

that they can get to experience their service offerings. On top of the traditional incentive scheme that 

rewards users based on their conscientious usage efforts, monetary schemes which incorporate the 

aspect of randomness in rewarding users might be more effective. As exemplified in the 

gamification literature, a core characteristic that makes games fun and engaging is the element of 

chance (Malone 1981). As observed in the speed camera lottery experiment (Volkswagen 2009), a 

financial incentive scheme that rewards user efforts in a lottery style fashion may perform better 

than the traditional incentive scheme that dutifully rewards users in a fixed and predictable fashion. 

Yet, financial incentives tend to have the drawback of undermining users’ intrinsic motivations in 

task performance (Deci et al. 1999) and can be unrealistic for companies to keep up over extended 

periods of time. Moreover, users’ motivation to perform a task can be permanently reduced if the 

monetary rewards are removed (Gneezy et al. 2011). To this end, we also explore non-pecuniary 

means of invoking usage levels. 

 

According to the quantified self movement, users who download monitoring apps are likely to be 

interested in the tracking and quantification of their personal performance (Swan 2013). Given that 

users’ desire in self-tracking, it is plausible that that information on their performance in terms of 

their past usage behavior can prove to be valuable to them. By systematically varying things in their 

daily lives and noting the accompanying personal changes, people discover the factors that 

influence their functioning and sense of well-being. As such, self knowledge provides direction for 

self regulatory control (Bandura 1991). In particular, informational cues of users’ past usage 

behavior can motivate them to maintain or improve their current level of app usage, by triggering 

their tendency to self-compete. Another powerful means of invoking behavioral changes without 

monetary incentives is to rely on the effects of social norms. Social norms have been found to 

influence a range of behaviors in a myriad of domains, including recycling (Schultz 1999), littering 

(Kallgren et al. 2000), and environment protection (Cialdini 2003). In particular, the Social Identity 

model of Deindividuation Effects posits that anonymity changes the relative salience of personal 

with respect to social identity, and thereby can have a profound effect on group behavior (Lea and 

Spears 1991). More specifically, under computer-mediated environments, anonymity and 

immersion in the group tend to accentuate the salience of the social identity and depersonalize 

individual features and interpersonal differences, which consequently heightening the conformity 

to group norms (Postmes et al. 2001). The predictions of SIDE is likely to apply in the context of 

health tracking apps, given that its users tend not to disclose their identities on the app and share 

salient group identities as patients who experience similar treatment and ailments. Thus, 

information on the number of users that are actively using the app can serve as social norm to invoke 

more regular information uploads from the focal user. 

 
3. Experimental Design 

Through a partnership with a Chinese company that develops a diabetic app, we conduct a field 

experiment over a period of three months to test the efficacy of the proposed design schemes. 

During the course of the experiment, users that download the app were randomly assigned into one 

of the five experimental groups. To ensure that the saliency of experimental design, users see 
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message unique to their experimental group, whenever they open the app. The messages shown are 

as follows. 

 

Control: 

Dear User, 

Please be reminded to upload your blood glucose measurements daily. 

Regular updates will allow you to better monitor your health 

condition. 

 

Fixed Monetary Incentive: 

Dear User, 

Please be reminded to upload your blood glucose measurements daily. 

For your efforts, you will receive ¥1 on the days you make an upload. The max payout is each week is ¥7. 

Regular updates will allow you to better monitor your health condition. 

 

Random Monetary Incentive: 

Please be reminded to upload your blood glucose measurements daily. 

For your efforts, you stand to win ¥2-5 on the days you make an upload. Two days are randomly picked to be payout 

days each week. The max payout is each week is ¥1. 
Regular updates will allow you to better monitor your health condition. 

 

Past Usage Level: 

Please be reminded to upload your blood glucose measurements daily. 

In the past 7 days, you have made 22 uploads across 4 days. 

Regular updates will allow you to better monitor your health condition. 

 

Social Norm: 

Please be reminded to upload your blood glucose measurements daily. 

In the past 7 days, 3455 other users have uploaded their glucose measurements daily. 

Regular updates will allow you to better monitor your health condition. 

 

Each of treatment group is designed to be contrasted with the control group, and not to be 

contrasted with one another. In the fixed monetary group, users who made uploads are only paid 

once per day regardless of the number of times they have uploaded each day. In the random 

monetary group, users who made uploads would only get a random amount of reward (ranging 

from 2 to 5 Yuan) if the day happens to be a payout day. Two days out of a week are chosen to be 

payout days and these days differ across users and across weeks. Both the financial incentive 

groups get a maximum payout of 7 Yuan each week. In the past usage level group, users get to see 

the number of blood glucose uploads they have made in the past 7 days. In the social norm group, 

a random number between 3000 and 4000 was chosen and shown to the users as the number of 

other users who have uploaded glucose measurement daily. All users in this group are shown the 

same number each day, and a new number is drawn daily to reflect natural fluctuations. 

 

The outcome variable of interest is the number of times users have uploaded information of their 

post-meal glucose levels to the app each week. With this objective in mind, we examine users who 

have downloaded the app and open it at least once throughout the study period. Subjects who have 

downloaded the app but did not open the app at all are deemed to be non-users and are not included 

in our analysis sample. We are also mindful of the fact that users may sign up and use the app to 

accumulate monetary rewards. As such, we incorporated several intentional experimental designs 

to reduce the likelihood of such occurrences. In particular, each user account is tied to a unique cell 

phone number. Even if a user quits and rejoin the app, s/he would be placed in the same 
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experimental group as the original one that was originally randomly assigned to the user. 

Furthermore, the maximum amount of money a user can get each week in either financial incentive 

group is 7 Yuan (equivalent to about 1 USD). A low monetary value in the incentive groups is 

chosen so that our experiment does not draw in deviant users who sign up with the main purpose of 

accumulating monetary rewards. We have also performed checks to see if there are higher 

incidences of users quitting the app if they were not in the groups that provided financial incentives. 

The results of this check show that our experimental setup did not produce such selection issues. 

Upon checking the download patterns of the app, we also note that cross contamination across 

experimental groups is unlikely as downloads are spread out across various cities. We conducted 

a series of balance checks to assess if our randomization procedure was successful. Pair-wise 

comparison of the covariates indicated that users in each of the treatment groups were not 

statistically discernible from users from the control group. 

 

4. Experimental Results 
For our research goal on examining the efficacy of various schemes on enhancing app usage levels, 

our model free results show that both variations of the financial incentive scheme (fixed and random) 

produced higher usage levels. Furthermore, users under the treatment group that provides 

information on the user’s own past usage levels show a marginally higher level of usage. We 

conducted several robustness checks on this set of results. We first included the entire set of 

covariates as controls. Next, we checked the robustness of the results under the Poisson and negative 

binomial regressions as the outcome variable is count data. We also ran a model that includes 

individual random effects so as to account for individual differences across users. In addition, since 

users may change their usage behavior as they learn more about the app, we include time fixed effects 

(in term of user tenure) in our regressions to control for such effects. As seen in Table 1, the main 

results are robust to the various model specifications and to the addition of time fixed effects. We 

find that the users under the treatment with random financial incentives tend to exhibit the largest 

gain in usage levels. 

 

Table 1:Regression Results 
 

Group OLS Poisson 
Negative 

Binomial 

Random 

Effects 

Fixed Financial Incentives 
0.142*** 0.284*** 0.579*** 0.118* 
(0.045) (0.085) (0.114) (0.071) 

Random Financial Incentives 
0.162*** 0.336*** 0.710*** 0.108* 
(0.046) (0.089) (0.120) (0.063) 

Past Usage Levels 
0.107*** 0.210** 0.318*** 0.110* 
(0.041) (0.085) (0.105) (0.059) 

Social Norm 
-0.032 -0.063 -0.076 -0.017 
(0.037) (0.085) (0.112) (0.049) 

Observations 24429 24429 24429 24429 
F-stat 30.954 - - - 
Log likelihood - -27565.28 -14286.05 - 

Note. All models include covariates and time fixed effects. * p<0.10, ** p<0.05, *** p<0.010 

We next perform a falsification check to assess the validity of the results. In particular, we examine 

the efficacy of the schemes across patient types. Patients with Type 1 diabetes are unable to produce 

insulin and are reliant on insulin treatment to manage their condition. Patients with Type 2 diabetes 

are insulin resistant and would produce extra insulin to make up for the resistance. They are often 
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advised to make lifestyle changes in their exercise habits and diets to keep their blood glucose 

levels within the target range. Due to this difference, we expect patients who have Type 2 diabetes 

or those who are not currently taking insulin treatment to have a higher motivation in utilizing the 

tracking app to monitor their glucose level as a result of their daily routines. This heightened 

motivation to use the app meant that they are more likely to be responsive to various experimental 

schemes that were designed to help them enhance their uploading habits. We split the sample of users 

into Type 1 and Type 2 patients, and also distinguish them based on whether they took insulin. We 

conducted the same regression analysis on these split samples, and find that the proposed design 

schemes mainly have a impact on increasing the app usage level for patients with Type 2 diabetes 

and those who are not undergoing insulin treatment. 

 

We further explore the heterogeneous effects of the various treatment schemes. We split our 

samples based on different variables, including BMI level (overweight or non-overweight), exercise 

level (above or below median), and smoking habits (smoker or non-smoker). Several interesting 

patterns emerge from this analysis. The impact of the financial incentives and informational cues 

are present for users who are overweight, exercise more, and do not smoke. These results can be 

intuitively understood by the fact that patients who are in greater need (overweight) or health 

conscious (high exercise level) tend to align their motives with the monetary incentives and past 

usage information to attain higher uploading behavior. Unsurprisingly, these design schemes are 

not effective in nudging smokers from uploading more blood glucose information, as these users are 

the least health conscious group of users. Preliminary analyses on post-experiment sample suggest 

that users who are exposed to the financial incentives continue to upload more frequently than the 

control group, albeit at a lower levels. Finally, we perform an instrumental variable analysis using 

the experimental group assignment as an instrument for usage level. Results suggest that usage level 

of the app has a positive impact on the incidence of glucose level that falls within the healthy range. 
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Abstract 
 

There is increasing interest in IS to investigate the application of networked systems and reflect 

interesting market phenomena using visitors’ digital footprints on IT platforms. Typically, investors’ 

online correlated searches for a set of assets can be used to derive a network representation whose 

structure has potential to predict particular financial outcomes. In this study, we propose a novel 

approach to constructing a market graph model of Chinese stock markets using investors’ correlated 

searches of stocks from a Chinese financial portal. Based on the graph structure, we further establish 

prediction models that demonstrate strong predictive power of the graph’s topological properties on 

stock performance. We find the Indegree, PageRank and Clustering Coefficient all have significant 

and negative impact on stock volatility, whereas only Indegree has significant and positive influence 

on stock return. Our findings are interesting and can shed light on strategic actions into stock 

investment and risk management.  

 

Keywords: Market Graph, Correlated Search, Network Topology, Stock Performance Prediction 

 

1. Introduction 

An extensive of scientific research has applied graph theory to investigating networked systems of 

real-world datasets. Recently, constructing the graph model of financial markets has ushered 

increasing interest. Because the exploration of financial networks enables us to investigate the mutual 

influences and dependencies among financial instruments and understand structural features of the 

market, a growing number of studies have devoted to graph modeling of financial markets and have 

conducted statistical analysis of network topology to derive either group-level or market-level 

insights.  

 

A popular stream of research focuses on formulating a correlation-based network of investment 

assets and studying the topological properties of the network via statistical analysis or graph mining 

techniques. Boginski et al. (2005) is among the first studies constructing the market graph model 

through setting a threshold based on the correlation of past price fluctuations between each pair of 

financial instruments. Then the structural features of the market graph are analyzed statistically, 

which further helps enhance understandings of the internal market structure. Similar studies can be 

found in Boginski et al. (2006), Huang et al. (2009) and Roy and Sarkar (2013).  

 

We note, however, prior studies are deficient in reflecting interesting behavioral outcomes and 

market phenomena since they are separated from observed user behaviors in real-world activities, 

making them less interesting and relevant for market participants. Besides, these studies are limited 

to basic statistical analysis of network structure and lack further investigation of the effect of graph 

topology. Thus, one of our purposes is to provide a novel approach to a network representation of 

financial markets by utilizing visitors’ online correlated searches from financial web portals. In IS 

field, although researchers have recognized the power of online correlated searches on revealing 

behavioral patterns for a set of assets (Leung et al., 2016; Shangguan et al., 2016) and making market-
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level predictions (Dhar et al., 2014), they do not utilize online search correlations to explore a general 

market graph model of financial markets whose structure can capture investors’ co-attention 

relationships. Also, the potential effect of network structures on revealing interesting behavioral 

outcomes and market phenomena is still less investigated. 

Therefore, in this study, we aim to derive a graph model of financial markets through exploiting 

online correlated searches to answer the following research questions: (1) What kind of topological 

properties does the market graph have? (2) Can the structural features have significant impact on 

revealing interesting market phenomenon? To solve these questions, we target at a specific financial 

investment scenario: we focus on A-share stocks listed in both Shanghai and Shenzhen stock 

exchanges and employ the co-search data from a widely-used Chinese financial portal (i.e. Sina 

Finance) to construct the A-share market graph model. Our statistical analysis shows that the 

indegree distribution of the graph follows power law while the outdegree seems to be randomly 

distributed. Then we propose longitudinal models to examine whether topological properties can be 

used to predict stock performance (i.e. abnormal return and volatility). The empirical results indicate 

the network metrics including indegree, PageRank and clustering coefficient all present significant 

and negative predictive power on stock volatility, whereas only indegree measure can impose 

significant influence on stock’s future return. 

 

The contributions of this research are twofold. First, we add literature on application of networked 

systems by providing a novel approach to constructing a graph model of stock market which can 

reflect the actively expressed investor attention to a set of stocks. Second, we extend both IS and 

Finance literature by proposing prediction models which demonstrate the existence of significant 

impact of network properties on future stock performance. Our findings are interesting and can 

provide theoretical and practical implications for both researchers and investors on portfolio 

optimization and risk management. 

 

The rest of paper is organized as follows: we introduce data and our graph construction method in 

the next section. After that, we propose prediction models and investigate the effect of the graph’s 

structural properties on stock performance. Robustness checks are also conducted. Finally, we derive 

conclusions of this study. 

 

2. Data and Market Graph Construction 

 

2.1 Data Collection 

We collect co-search stock data from Sina Finance, which is one of the most widely-used financial 

portals for Chinese investors. Visitors use the query tool on Sina Finance to search stock information. 

When a particular stock is searched, other stocks visitors most commonly search along with this 

stock are presented on the website. Sina Finance computes co-searched stocks based on co-search 

frequencies captured by visitors’ cookies, and displays top nine co-searched stocks to visitors. Using 

a web crawler written by PERL, we collect daily co-search data of stocks on Sina Finance at 4 p.m. 

Beijing time every day during the period from June 8, 2016 to July 8, 2016. 

 

2.2 Market Graph Construction 

In graph theory, 𝐺 = (𝑉, 𝐴, 𝑤) is defined as a directed graph where 𝑉 is a set of vertices, 𝐴 is a set 

of directed edges in which 𝑎𝑏 ∈ 𝐴 means a directed edge from vertex 𝑎 to vertex 𝑏, and 𝑤 is a set 

of weights for the directed edges. We construct a directed graph in which the edge weight equals to 

the number of days the co-search relationship persists. NodeXL is used to implement this step. Note 
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that we accommodate A-share stocks that are not searched by investors into the network as isolated 

vertices which only accounts for a miner proportion of 𝑉. As a result, we construct a graph during 

the period from June 8, 2016 to July 8, 2016, which consists of 3,032 vertices (228 are isolated 

vertices) and 47,534 unique edges. 

 

Based on the graph, an additional correlation analysis between each pair’s price correlations and co-

search frequencies indicates our graph construction approach is rather different from traditional 

correlation-based method as the Pearson correlation coefficient only reaches 0.0864. We also 

investigate the degree distribution of the graph: the indegree distribution follows power-law and has 

the scale-free property, and the outdegree seems to be randomly distributed. 

 

3. Network Topology and Stock Predictability  

In this section, we propose empirical models to investigate the effect of graph topologies on stock 

performance. Specifically, we aim to examine whether the structural properties of the network have 

significant predictive powers on stock performance (i.e. return and volatility).  

 

3.1 Model Specification 

Prior literature suggests two common measures of stock performance: abnormal return and volatility 

(Luo et al., 2013; Vozlyublennaia, 2014). Abnormal return is defined as actual return minus expected 

return which is calculated by fitting Fama-French’s asset pricing model (Fama and French, 2015) 

using rolling-window and recursive estimation with the window size set as 250 consecutive trading 

days prior to the target day. And the volatility for stock 𝑖 on day 𝑡 is the standard deviation of the 

model residuals (Luo et al., 2013). 

 

Given the abnormal return and volatility of stock 𝑖 on day 𝑡, we propose the following panel models 

to investigate whether structural properties of the graph (i.e. weighted indegree, PageRank and 

clustering coefficient) impose significant impact on stock performance. 

 

𝐴𝑏𝑛𝑜𝑟𝑚𝑎𝑙𝑅𝑒𝑡𝑢𝑟𝑛𝑖𝑡 = 𝛽0 + 𝛽1𝐼𝑛𝑑𝑒𝑔𝑟𝑒𝑒𝑖 + 𝛽2𝑃𝑎𝑔𝑒𝑅𝑎𝑛𝑘𝑖 + 𝛽3𝐶𝑙𝑢𝑠𝑡𝑒𝑟𝐶𝑜𝑒𝑓𝑖 +
𝛽4𝑅𝑒𝑡𝑢𝑟𝑛̅̅ ̅̅ ̅̅ ̅̅ ̅̅

𝑖,𝑡−6:𝑡−1 + 𝛽5𝑅𝑒𝑡𝑢𝑟𝑛̅̅ ̅̅ ̅̅ ̅̅ ̅̅
𝑖,𝑡−36:𝑡−1 + 𝛽6𝐶𝑎𝑝̅̅ ̅̅ ̅

𝑖,𝑡−6:𝑡−1 + 𝛽7𝑉𝑜𝑙𝑢𝑚𝑒̅̅ ̅̅ ̅̅ ̅̅ ̅̅
𝑖,𝑡−6:𝑡−1 +

𝛽8𝑇𝑢𝑟𝑛𝑜𝑣𝑒𝑟̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅
�̅�,𝑡−6:𝑡−1 + 𝛽9𝑃2𝐵̅̅ ̅̅ ̅̅

𝑖,𝑡−6:𝑡−1 + 𝛽10𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦𝑅𝑒𝑡𝑢𝑟𝑛̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅
𝑖,𝑡−6:𝑡−1 + 𝛽11𝑁𝑒𝑤𝑠̅̅ ̅̅ ̅̅ ̅̅

𝑖,𝑡−6:𝑡−1 +

𝛽12𝑅𝑒𝑝𝑜𝑟𝑡̅̅ ̅̅ ̅̅ ̅̅ ̅
𝑖,𝑡−6:𝑡−1 + 𝛽13𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑃𝑜𝑠𝑡𝑠̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅

𝑖,𝑡−6:𝑡−1 + 𝛽14𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑃𝑜𝑠𝑡𝑠̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅
𝑖,𝑡−6:𝑡−1 + 휀𝑖𝑡                                                      

(1) 

 

We also use 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑖𝑡  as dependent variable and derive model (2). The main independent 

variables are network topology metrics, and we accommodate control variables to account for the 

known determinants of stock performance. The full variable definitions are shown in Table 1, and 

the summary statistics for the full sample are shown in Table 2. 

 

Table 1. Variable definitions. 

Variable Definition 

Asset Performance Metrics 

𝐴𝑏𝑛𝑜𝑟𝑚𝑎𝑙𝑅𝑒𝑡𝑢𝑟𝑛𝑖𝑡 Abnormal return for stock 𝑖 on day 𝑡 
𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑖𝑡 Volatility for stock 𝑖 on day 𝑡  

Network Topology Metrics 

𝐼𝑛𝑑𝑒𝑔𝑟𝑒𝑒𝑖 Weighted indegree measure for stock 𝑖  
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𝑃𝑎𝑔𝑒𝑅𝑎𝑛𝑘𝑖 PageRank centrality for stock 𝑖 
𝐶𝑙𝑢𝑠𝑡𝑒𝑟𝐶𝑜𝑒𝑓𝑖 Clustering coefficient for stock 𝑖 
Asset Characteristics Metrics 

𝑅𝑒𝑡𝑢𝑟𝑛̅̅ ̅̅ ̅̅ ̅̅ ̅̅
𝑖,𝑡−6:𝑡−1 Lagged return for stock 𝑖 during the past six days 

𝑅𝑒𝑡𝑢𝑟𝑛̅̅ ̅̅ ̅̅ ̅̅ ̅̅
𝑖,𝑡−36:𝑡−1 Lagged return for stock 𝑖 during the past thirty-six days 

𝐶𝑎𝑝̅̅ ̅̅ ̅
𝑖,𝑡−6:𝑡−1 Lagged market capitalization for stock 𝑖 during the past six days 

𝑉𝑜𝑙𝑢𝑚𝑒̅̅ ̅̅ ̅̅ ̅̅ ̅̅
𝑖,𝑡−6:𝑡−1 Lagged trading volume for stock 𝑖 during the past six days 

𝑇𝑢𝑟𝑛𝑜𝑣𝑒𝑟̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅
�̅�,𝑡−6:𝑡−1 Lagged turnover rate for stock 𝑖 during the past six days 

𝑃2𝐵̅̅ ̅̅ ̅̅
𝑖,𝑡−6:𝑡−1 Lagged price-to-book ratio for stock 𝑖 during the past six days 

Industry Characteristics Metric 

𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦𝑅𝑒𝑡𝑢𝑟𝑛̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅
𝑖,𝑡−6:𝑡−1 Lagged industry return for stock 𝑖 during the past six days 

Media Coverage Measures 

𝑁𝑒𝑤𝑠̅̅ ̅̅ ̅̅ ̅̅
𝑖,𝑡−6:𝑡−1 Average number of news mentioning stock 𝑖 during the past six 

days 

𝑅𝑒𝑝𝑜𝑟𝑡̅̅ ̅̅ ̅̅ ̅̅ ̅
𝑖,𝑡−6:𝑡−1 Average number of reports studying stock 𝑖 during the past six 

days 

Investor Sentiment Metrics 

𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑃𝑜𝑠𝑡𝑠̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅
𝑖,𝑡−6:𝑡−1 Average number of positive posts in online forum mentioning 

stock 𝑖 during the past six days 

𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑃𝑜𝑠𝑡𝑠̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅
𝑖,𝑡−6:𝑡−1 Average number of negative posts in online forum mentioning 

stock 𝑖 during the past six days 

Note: All the independent variables are accommodated after log transformations.  

 

Table 2. Summary statistics. 

Variable Obs. Mean Std. Dev. Min Max 

𝐴𝑏𝑛𝑜𝑟𝑚𝑎𝑙𝑅𝑒𝑡𝑢𝑟𝑛𝑖𝑡 160,660 -0.0061 1.8772 -11.7461 15.1910 

𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑖𝑡 146,405 0.6465 0.1230 0.1652 1.0402 

𝐼𝑛𝑑𝑒𝑔𝑟𝑒𝑒𝑖 156,136 4.3493 1.3855 0 8.6001 

𝑃𝑎𝑔𝑒𝑅𝑎𝑛𝑘𝑖 156,136 -0.1603 0.6330 -1.7432 2.1630 

𝐶𝑙𝑢𝑠𝑡𝑒𝑟𝐶𝑜𝑒𝑓𝑖 156,136 0.1335 0.0940 0 0.6931 

𝑅𝑒𝑡𝑢𝑟𝑛̅̅ ̅̅ ̅̅ ̅̅ ̅̅
𝑖,𝑡−6:𝑡−1 160,660 0.0386 0.8503 -6.8085 10.0171 

𝑅𝑒𝑡𝑢𝑟𝑛̅̅ ̅̅ ̅̅ ̅̅ ̅̅
𝑖,𝑡−36:𝑡−1 152,644 0.1792 0.6503 -10.0379 10.1266 

𝐶𝑎𝑝̅̅ ̅̅ ̅
𝑖,𝑡−6:𝑡−1 160,660 22.6712 0.8820 20.4855 27.8284 

𝑉𝑜𝑙𝑢𝑚𝑒̅̅ ̅̅ ̅̅ ̅̅ ̅̅
𝑖,𝑡−6:𝑡−1 149,074 15.9482 0.9972 10.3523 20.4414 

𝑇𝑢𝑟𝑛𝑜𝑣𝑒𝑟̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅
�̅�,𝑡−6:𝑡−1 149,074 1.0735 0.5398 0.0075 3.6844 

𝑃2𝐵̅̅ ̅̅ ̅̅
𝑖,𝑡−6:𝑡−1 160,138 1.7896 0.6856 -1.5978 7.3938 

𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦𝑅𝑒𝑡𝑢𝑟𝑛̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅
𝑖,𝑡−6:𝑡−1 160,660 0.0267 0.4128 -1.6297 1.8024 

𝑁𝑒𝑤𝑠̅̅ ̅̅ ̅̅ ̅̅
𝑖,𝑡−6:𝑡−1 160,660 0.0284 0.1024 0 3.4447 

𝑅𝑒𝑝𝑜𝑟𝑡̅̅ ̅̅ ̅̅ ̅̅ ̅
𝑖,𝑡−6:𝑡−1 160,660 0.0354 0.1137 0 1.4663 

𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑃𝑜𝑠𝑡𝑠̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅
𝑖,𝑡−6:𝑡−1 141,211 1.9941 0.7593 0 7.5060 

𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑃𝑜𝑠𝑡𝑠̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅
𝑖,𝑡−6:𝑡−1 141,211 2.1891 0.8375 0 7.4776 

 

3.2 Estimation and Results 

We fit model (1) and (2) using Generalized Least Squares (GLS) estimation for panel-data models 

and account for groupwise heteroscedasticity and AR1 autocorrelation among observations. The 
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estimation period contains 58 consecutive trading days from July 11, 2016 to September 30, 2016. 

Recall that we construct the graph during the period from June 8, 2016 to July 8, 2016, this allows 

us to avoid the simultaneity bias in our estimates. Table 3 shows the estimation results for both 

models. 

 

Table 3. Estimation results. 

 
Model (1) 

Abnormal Return 

Model (2) 

Volatility 

 Coef. Std. Err Coef. Std. Err 

𝑃𝑎𝑔𝑒𝑅𝑎𝑛𝑘𝑖 -0.0133 (0.0086) -0.0103*** (0.00093) 

𝐶𝑙𝑢𝑠𝑡𝑒𝑟𝐶𝑜𝑒𝑓𝑖 0.1185* (0.0478) -0.1170*** (0.00526) 

𝐼𝑛𝑑𝑒𝑔𝑟𝑒𝑒𝑖 0.0082* (0.0038) -0.0031*** (0.00043) 

𝑅𝑒𝑡𝑢𝑟𝑛̅̅ ̅̅ ̅̅ ̅̅ ̅̅
𝑖,𝑡−6:𝑡−1 -0.1368*** (0.0073) -0.0007*** (0.00003) 

𝑅𝑒𝑡𝑢𝑟𝑛̅̅ ̅̅ ̅̅ ̅̅ ̅̅
𝑖,𝑡−36:𝑡−1 0.1373*** (0.0113) 0.0007*** (0.00008) 

𝐶𝑎𝑝̅̅ ̅̅ ̅
𝑖,𝑡−6:𝑡−1 -0.0995*** (0.0066) -0.0534*** (0.00056) 

𝑉𝑜𝑙𝑢𝑚𝑒̅̅ ̅̅ ̅̅ ̅̅ ̅̅
𝑖,𝑡−6:𝑡−1 0.0369*** (0.0078) 0.0070*** (0.00031) 

𝑇𝑢𝑟𝑛𝑜𝑣𝑒𝑟̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅
�̅�,𝑡−6:𝑡−1 -0.3021*** (0.0144) 0.0004 (0.00048) 

𝑃2𝐵̅̅ ̅̅ ̅̅
𝑖,𝑡−6:𝑡−1 -0.0117 (0.0079) 0.0435*** (0.00065) 

𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦𝑅𝑒𝑡𝑢𝑟𝑛̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅
𝑖,𝑡−6:𝑡−1 0.0660*** (0.0113) 0.0032*** (0.00006) 

𝑁𝑒𝑤𝑠̅̅ ̅̅ ̅̅ ̅̅
𝑖,𝑡−6:𝑡−1 -0.0352 (0.0408) 0.0016*** (0.00033) 

𝑅𝑒𝑝𝑜𝑟𝑡̅̅ ̅̅ ̅̅ ̅̅ ̅
𝑖,𝑡−6:𝑡−1 -0.0032 (0.0419) 0.0010*** (0.00029) 

𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑃𝑜𝑠𝑡𝑠̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅
𝑖,𝑡−6:𝑡−1 0.0329** (0.0111) 0.0021*** (0.00009) 

𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑃𝑜𝑠𝑡𝑠̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅
𝑖,𝑡−6:𝑡−1 -0.0432*** (0.0092) -0.0049*** (0.00008) 

Constant 1.9072*** (0.1230) 1.7143*** (0.01210) 

Observations 127,102 124,685 

Number of Groups 2,607 2,588 

*** p<0.001, ** p<0.01, * p<0.05 

 

From Table 3, we can find in model (1), the coefficient of a vertex’s indegree measure is significant 

(p-value<0.05) and positive. This provides evidence on return predictability through a stock’s 

indegree metric in the graph. Because stocks with higher indegree values are more likely to be 

popular and dominant in the graph, these stocks have captured great amount of investor attention, 

making this finding consistent with attention theory that demonstrates an increase of attention will 

result in temporary-positive price pressure in the short run (Barber and Odean, 2008). We also find 

in model (2), the estimates of graph structural properties including PageRank, clustering coefficient 

and indegree are all significant and negative. This implies that stocks in central positions or have 

higher level of closure in the graph are more likely to present lower volatility in the future. We may 

possibly explain it by suggesting that stocks in dominant positions are more likely to act as “opinion 

leaders” and play an important role on information diffusion (Roy and Sarkar, 2013), and these firms 

tend to have better public information disclosure which can decrease the information asymmetry 

faced with Chinese investors, resulting in a relatively lower level of investment risks.  

 

3.3 Robustness Checks 

As a robustness check, we also fit model (1) and (2) using pooled OLS estimation with robust 

standard error. The results are qualitatively similar to that in Table 3. Also, instead of using weighted 

indegree measure, we use the original indegree value and the estimated coefficients are still 

149



  

qualitatively similar to our reported results. Besides, our main analysis is robust even after accounting 

for the potential effect of trading board, liquidity and institutional shareholding on stock performance.  

 

4. Conclusions 

In this study, we utilize online co-search stock data to construct the market graph model of A-share 

stocks listed in Chinese stock markets. This is a novel approach compared with traditional 

correlation-based method in prior research. Based on the graph structures, we propose prediction 

models and demonstrate the significant impact of topological properties on stock performance. The 

empirical results suggest that the indegree centrality, PageRank centrality, and clustering coefficient 

all have significant and negative influence on stock volatility whereas only indegree metric can be 

used to predict abnormal return after accounting for the known determinants. Our study is interesting 

for both researchers and practitioners since it is a clever combination of application of networked 

systems and technical analysis (i.e. asset predictability) in financial markets. Also, our analysis can 

shed light on findings of literature on prediction markets and asset pricing, and it has potential to 

provide guidance on risk management and portfolio investment for the large majority of individual 

investors active in Chinese markets. In the future, we aim to examine the graph dynamics as well as 

the potential effects of topological changes on stock markets. 
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Abstract 
 

Blockchain has attracted attentions from both academics and practitioners in recent years. There 

have emerged a large number of news and research articles related to blockchain. Many 

practitioners would like to learn this technology’s nature, history and evolution; and scholars are 

interested in its research prospect. However, it is a daunting task to gather such information and 

understand this new research area by reading a large amount of articles. Using both automated and 

manual text analysis approaches, this study analyzes the news reports and academic literature, and 

reviews the coverage and evolution of blockchain related topics over time. We found that 

practitioners and academics have focused on different topics and the research on blockchain is still 

in its infant stage. 

 

Keywords: Blockchain, text analysis, topic model 

 

 

1. Introduction 

Originally designed to support Bitcoin related transactions, blockchain has emerged as a new, 

disruptive technology, like the Internet, that may potentially change how the people live, 

communicate, and do business (Swan, 2015). Simply put, blockchain is a decentralized database, a 

general ledger that eliminates the necessity of a third-party intermediary. Because of its unique 

characteristics such as distributed consensus, transparency, and high security and privacy, blockchain 

has received increasing attention from both academia and industry.  

Over the past several years, blockchain has been used in a wide variety of domains, including digital 

currency and e-payment, smart contract, and smart property (Hayes, 2016; Holotiuk et al., 2017; 

Brenig et al., 2016; Rückeshäuser, 2017; Wörner et al., 2016). It may also be used to build smart 

society. Many people, including both practitioners and academic scholars, hope to learn more about 

this emerging technology. However, related information and materials are scattered in various 

sources (e.g., newspapers, journals and magazines, websites, whitepapers, etc.). It is time-consuming 

to collect all the information and labor-intensive to manually read all the articles.   

This study intends to explore the field of blockchain by automatically and manually collecting and 

analyzing news articles and research papers related to blockchain. The study integrates web crawling 

and topic modeling to identify latent topics covered in documents. We outline the evolutions of 

blockchain in the industry and the state of art in the academia.  

The rest of this paper is organized as follows. Section 2 gives a brief review of the background of 

blockchain. Section 3 presents our data and methods. We report and discuss the results in Section 4. 

The last section concludes the paper. 
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2. Background 

Blockchain was originally used to record and store transactions (e.g., payments) using digital/crypto 

currency (e.g., Bitcoin) (Swan, 2015). It can be viewed as a decentralized database, multiple identical 

copies of which are maintained by a network of computer nodes called miners. Any transaction must 

be verified collectively by the miners before a new block containing it can be appended to the end of 

the blockchain. Once the new block is added, all the copies of the database located in the miners are 

simultaneously updated, and the new block can no longer be altered or deleted from the chain. 

Therefore, a blockchain can achieve distributed consensus and, to a large extent, prevent hacking 

and fraud from happening. More importantly, because of distributed consensus, the parties involved 

in a transaction no longer need a third-party intermediary (e.g., a bank) to verify and approve a 

transaction. In this sense, transactions supported by blockchain are “trustless.” 

Recent a few years have seen new applications of blockchain in various other domains than crypto 

currency. Computer protocols, for instance, can be implemented to leverage the blockchain 

technology and automatically verify, perform, or execute terms of a contract based on some 

conditions. These smart contracts or smart properties can minimize the need for intermediaries such 

as lawyers. 

 

3. Data and Methods 

We collected and analyzed two sets of data: (1) news articles, and (2) research papers.   

Using a web crawling software package, we gathered news articles from one of the largest websites 

for crypto currency news (https://www.cryptocoinsnews.com). This website contains a section 

dedicated to blockchain-related news. We collected 731 documents during the period from January 

1, 2014 to January 5, 2017. Each document contains its title, author, category, date, and full text.  

We manually searched and found a number of research papers from various sources including Web 

of Science, AIS eLibrary, Google Scholar, etc. After removing papers not directly related to 

blockchain, the result set contained 32 research articles with their title, authors, and abstracts.  

We performed automated text analysis using the topic-modeling component in SAS Enterprise Miner. 

For the news articles, we used both the title and content as text input. We used the built-in filter and 

filtered out pronouns, interjections, prepositions, conjunctions, numerals, qualifiers, small words and 

auxiliary verbs. In addition, we compiled a synonyms list to identify synonyms, such as “blockchain” 

and “block chain”. We also only considered words that appeared in at least five documents.  

To get the overall topic coverage, we performed topic modeling using the entire set of news articles. 

Because the number of articles prior to the last quarter of 2015 was rather small, we divided the set 

into seven time periods: 2014, 2015 Q1-Q3, 2015 Q4, 2016 Q1, Q2, Q3, and Q4 (see Figure 1). 

For research articles, we used paper titles and abstracts as input. Because the number of articles in 

this set was rather small (32), we only performed topic modeling using the entire set without dividing 

it into several time periods.  

 

4. Results 
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4.1 Topics in all News Articles 

Ten topics were identified from the set of 731 news articles. Table 1 presents the descriptive 

keywords identified, the number of articles in each topic, and the labels we selected for the topics. 

Because of the space limit, we only report the top five descriptive words with the highest weight for 

each topic. In the following tables, a descriptive word with "+" means a set of its synonyms. After 

examining those words of a topic, we sought to interpret the meaning of each topic (see the last 

column of Table 1). For example, Topic 1 is related to the company, R3, which is a pioneer of 

blockchain technology; Topic 3 is about Russian central bank using blockchain technology and 

exploring digital currency. We can also find topics related to companies trying to use blockchain or 

specific projects and initiatives such as Microsoft’s Azure (Topic 7), and IBM’s Hyperledger project 

(Topic 10).  

 
 

4.2 Topic Evolution 

Figure 1 shows the number of blockchain news articles in each time period. It can be seen that the 

number of articles was quite small before the third quarter of 2015, since when the number has 

increases dramatically. 

 
Fiture 1. Change in the Number of Blockchain-related News Articles over Time 

 

Table 2 shows the news topics of different time periods between 2014 and 2016. We summarize the 

results as follows: 

• 2014: Back in 2014, blockchain was still a new concept for the public. What people were 

concerned with was digital currency and e-payment (i.e. Bitcoin or Apple wallet) and how it 

would affect people’s lives through service quality and convenience. 

• 2015 Q1-Q3: People started to notice the blockchain technology as a decentralize database and 

the advantages of blockchain , such as security and privacy, were discussed during this period. 

In addition, the government’s role was discussed. 

ID Keywords # Articles Topic
1 r3,+consortium,+bank,+blockchain consortium,+join 85 The influences of R3
2 +user,+wallet,cryptocurrency,+decentralize,bitcoin 91 Bitcoin trading
3 +central bank,central,russia,russian,+bank 80 Russian Central Bank starts to do research on blockchain
4 +contract,dlt,+smart contract,+smart,+risk 91 Blockchain in smart contract
5 asx,+exchange,stock,+post-trade,+trade 66 Stock trading
6 +payment,+remittance,fintech,+customer,cross-border 102 Blockchain in payment methods as fintech
7 microsoft,ethereum,azure,azure,+contract 70 Corporation of Microsoft and Ethereum
8 +vote,+vote,+election,data,+government 93 Blockchain in voting
9 bitcoin,+people,+currency,+government,+law 112 Law issue of Bitcoin

10 ibm,hyperledger,linux,project,open-source 74 Hyperledger project

Table 1. Topics in all News Articles

17 21
56

125 135

179 189

0

50

100

150

200

2014 2015
Q1-Q3

2015
Q4

2016
Q1

2016
Q2

2016
Q3

2016
Q4

#
 N

e
w

s 
A

rt
ic

le
s

Time Periods

153



  

• 2015 Q4: Blockchain became more popular in the business world. The R3 consortium was 

founded in September 2015. It was intended to provide banks with access to blockchain 

technology and building blockchain conceptual products. R3 consortium utilized the blockchain 

technologies from Ethereum and Microsoft Azure. After held a series of seminars, many 

companies and organizations began to develop applications of blockchain. Stock market 

considered using blockchain for stock shares, and the concept of “smart contract” appeared. 

• 2016 Q1: We find that governments started to consider the adoption of Blockchain. For example, 

Topic 1 relates to the stock exchanging center, Topic 3 discusses digital currency created by 

central banks, and Topic 8 is about the regulatory policies for the Fintech. It is worth mentioning 

that this Topic 3 is not the same as Topic 3 in the 2014 time period (financial, currency, people, 

government, bitcoin). At this moment, central banks came to the frontline to lead digital 

currency related development. In the industry, Microsoft and Ethereum got involved in smart 

contract applications (Topic 2), PWC showed its big interests in utilizing Blockchain to manage 

their data (Topic 10) and improve investments (Topic 6). Hyperledger project was also started 

(Topic 7). There are also some other related topics in this time period (Topics 5 and 9). 

• 2016 Q2: Several topics are similar with those in the previous period (Topics 1, 2, 4, 5 and 10), 

probably because those are large projects. In this period, Factom, a data management company 

investigated blockchain (Topic 8). 

• 2016 Q3: People related blockchain with IoT (Topic 6), which may spawn new opportunities 

and services. One of the international financial centers, Hong Kong, appeared in the news. 

(Topic 7). Business continued to discuss smart contracts (Topic 8). Payment industry got new 

progress (Topic 10) as the UK experimented with blockchain-based social welfare payments 

(Das, 2017). 

• 2016 Q4: Following Russia, Australia and Hong Kong, Singapore and Indian committed to the 

development of Fintech (Topic 1). Using blockchain technology on stock trading and payment 

industry were still a hot topic (Topic 5, 7 and 8). In this period, a new topic about the application 

of solar energy and blockchain (Topic 6) emerged. 

 

Time Period ID Keywords # Articles Time Period ID Keywords # Articles
2014 1 +project,+service,+thing,+run,+create 4 2016 Q2 1 r3,+consortium,+bank,+join,banking 17

2 apple,+wallet,+issue,bitcoin,bitcoin 4 2 ethereum,microsoft,+contract,smart,+smart contract 13
3 financial,+currency,people,+government,bitcoin 4 3 bitcoin,peace,+sort,political,+people 19

2015 Q1-Q3 1 +network,+company,data,+decentralize,+security 4 4 hyperledger,linux,ibm,foundation,+source 15
2 financial,+company,+bank,investment,+currency 4 5 +currency,+virtual currency,virtual,+central bank,central 13
3 +government,+document,program,digital,+blockchain 4 6 +asset,+million,+market,+user,+investor 21
4 bitcoin,world,private,+support,+idea 3 7 +security,data,ibm,+database,+transaction 17

2015 Q4 1 r3,+consortium,+member,+source,open 6 8 factom,+land,+title,+audit,+project 6
2 microsoft,azure,consensys,blockapps,ethereum 6 9 +vote,+election,australia,+vote,+australian 15
3 +payment,+provider,+process,+account,europe 7 10 fintech,+service,fintech,+government,+center 20
4 byrne,overstock,+stock,patrick,+firm 5 2016 Q3 1 +block,+miner,ethereum,blockchains,bitcoin 23
5 linq,nasdaq,+share,private,+private company 4 2 hyperledger,+developer,ibm,linux,+team 23
6 data,uk,+track,+idea,innovative 6 3 +central bank,central,dlt,+bank,+bank 21
7 +contract,+smart contract,+block,+smart,+secure 6 4 +vote,+voter,+election,+vote,australia 13
8 +blockchain,bitcoin,r3,jpmorgan,+bank 10 5 social,+user,+token,+medium,cryptocurrency 20
9 +economy,central,+country,money,+bank 10 6 data,+device,iot,+land,+infrastructure 24
10 +investor,fintech,uk,digital,+million 4 7 fintech,bitcoin,bitcoin,kong,hong 27

2016 Q1 1 asx,post-trade,stock,+stock exchange,dtcc 10 8 chamber,commerce,+contract,+digital currency,smart 19
2 ethereum,+contract,+user,+smart,microsoft 16 9 r3,+bank,+consortium,banking,+distribute 26
3 +currency,+digital currency,+central bank,central,+governor 14 10 +payment,ripple,cross-border,ripple,+settlement 18
4 +consortium,r3,blockchain consortium,+bank,russia 12 2016 Q4 1 singapore,fintech,india,indian,+country 19
5 bitcoin,political,+author,+argue,+people 14 2 +contract,+smart contract,+smart,dlt,+automate 23
6 pwc,blockstream,sidechain,ventures,+investment 12 3 r3,goldman,sachs,+consortium,+member 18
7 ibm,hyperledger,morgan,linux,jp 13 4 +user,bitcoin,+decentralize,+network,+transaction 32
8 +council,regulatory,+government,fintech,+initiative 14 5 +stock,nasdaq,+shareholder,+program,+vote 14
9 innovation,+source,energy,open,+unit 13 6 energy,solar,energy,excess,+grid 8
10 +remittance,pwc,+payment,data,+network 17 7 +investor,+million,+investment,+payment,fintech 22

8 percent,survey,+bank,+payment,food 18
9 +currency,+digital currency,+central bank,central,korea 24
10 ethereum,+space,+game,ethereum,+medium 23

Table 2. Topic Evolution in News Articles 
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4.3 Topics in Research Articles 

Table 3 shows the topic for 32 research articles related to Blockchain in 2016 and 2017. We can find 

that academic research topics are less specific than industry’s. Except for the review paper (Yli-

Huumo et al., 2016), we can find that academic research has been focused on the technology (Topic 

3), applications (Topics 1 and 2), and impacts (Topics 4-6). 

  
 

To verify the topic models generated by the automated text analysis approach, we performed a 

manual review of the 32 papers. We carefully read the abstracts and paper contents and identified 

three topic categories: (1) introduction of blockchain technology and applications, (2) technical 

issues, and (3) challenges, impacts, and adoption.  

Several papers introduce the background and defining features of blockchain. Hayes (2016) discusses 

the potential of a digital currency system to replace central banks. Walsh et al. (2016) identify eight 

design factors and propose four archetypes for blockchain technology. Holotiuk et al. (2017) focus 

on the application of blockchain in the payment industry. Research has also proposed to apply the 

technology in other business domains (Brenig et al., 2016) such as accounting (Rückeshäuser, 2017), 

and notary services (Wörner et al., 2016) 

The second type of research is about the technical issues of blockchain design. For instance, Göbel 

et al. (2016) study the effect of information delay in communication among miners. They use a 

discrete-event model to detect block-hiding behavior and increase the rate of long-term block 

production. Cocco and Marchesi (2016) propose an agent-based artificial market model for the 

Bitcoin mining process and transactions. Beck et al. (2016) develop a prototype of blockchain-based 

transaction system for trust-based coffee shop. Gipp et al. (2016) implement a system based on 

blockchain to verify video files. 

The third category addresses the challenges, impacts, and adoption of blockchain. Goertzel et al. 

(2017) discuss the possible changes and advantages brought to people's lives by the open economy. 

Regarding blockchain as a foundational technology, Lansiti and Lakhani (2017) raise several 

challenges facing blockchain application and adoption. Another paper explores factors that influence 

the adoption of blockchain (Abramova Böhme, 2016).  

 

4.4 Discussion 

The topic evolution and coverage that we have found from the news articles and research papers 

show that blockchain technology has progressed from early usage in a single domain (for Bitcoin 

transactions) to a broader range of applications. While the industry has been exploring this new 

technology since several years ago, the academia has just recently caught up in the past two years. 

While it remains unclear if this technology will eventually be adopted widely and become the next 

game changer after the Internet, the interest in this topic in terms of its applications, impacts, and 

challenges will spawn more industrial initiatives, projects, funding, and academic research.    

ID Keywords # Articles
1 data,+company,+solution,+decentralize,+share 4
2 +study,+service,+area,literature,+company 5
3 +model,bitcoin,+present,research,+paper 5
4 +blockchain-base,digital,+distribute,consensus,+opportunity 5
5 blockchain,economic,+industry,+enable,+organization 6
6 +value,+company,+network,digital,+business 3

Table 3. Topics in Research Articles
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Our study to some extent fills in the gap in research regarding new technologies. Most academic 

papers, when reviewing the literature, often overlook the insights and knowledge of practitioners. 

This paper presents a feasible way to analyze practitioner-oriented news articles. More importantly, 

based on the analysis, we can draw a picture of a topic’s evolutionary process. It provides a 

systematic view for understanding a topic (e.g., a new technology). This approach may also help 

researchers identify possible research areas and questions for future research.  

 

5. Conclusion 

This study explores an emerging field of blockchain, a new, disruptive technology that may have far-

reaching impacts on finance, business, and our daily life. We have analyzed and compared the 

coverage and evolution of topics in news articles and research papers in the recent years. Our study 

contributes to our understanding of this technology and its current status in the business world and 

academic research. In addition, the use of the automated approach makes it easy to quickly gather 

information from diverse sources and analyze the content of the collected documents.    

This study has several limitations. First, it focuses on blockchain related articles, where blockchain 

is a unique word that cannot be found in dictionary. As a result, the articles collected were quite 

certainly related to blockchain. When applying this method to other topics, the resulting dataset may 

contain many irrelevant documents.  

Second, LDA is limited when dealing with small samples. Especially in the early stage of an 

evolutionary process, the number of articles related to a new topic usually is very small, making LDA 

analysis less robust. In the future, we will improve the approach by generating topic models using 

all articles and analyze the change of topics over time. Further, we will perform semantic analysis to 

find keywords to enhance the interpretation of topic models and opinion mining to discover the 

media’s and public’s attitudes at different points in time. 

 

References 
1. ABRAMOVA, S.; BÖHME, R. Perceived Benefit and Risk as Multidimensional Determinants 

of Bitcoin Use: A Quantitative Exploratory Study. 2016.    

2. AVITAL, M.  et al. Jumping on the Blockchain Bandwagon: Lessons of the Past and Outlook 

to the Future. 2016.    

3. BECK, R. et al. Blockchain–The Gateway to Trust-Free Cryptographic Transactions. ECIS 

2016 Proceedings, 2016, p. 1-14.    

4. BRENIG, C.; SCHWARZ, J.; RÜCKESHÄUSER, N. VALUE OF DECENTRALIZED 

CONSENSUS SYSTEMS–EVALUATION FRAMEWORK. 2016.    

5. Cocco L, Marchesi M. Modeling and Simulation of the Economics of Mining in the Bitcoin 

Market[J]. PloS one, 2016, 11(10): e0164603.  

6. Das, S. (2016, July 7). UK Trials Blockchain-Based Social Welfare Payments. Retrieved March 

18, 2017, from https://www.cryptocoinsnews.com/uk-trials-blockchain-based-social-welfare-

payments 

7. DI BATTISTA, G.  et al. Bitconeview: visualization of flows in the bitcoin transaction graph. 

Visualization for Cyber Security (VizSec), 2015 IEEE Symposium on, 2015, IEEE. p.1-8. 

8. FREY, R.; WÖRNER, D.; ILIC, A. Collaborative Filtering on the Blockchain: A Secure 

Recommender System for e-Commerce. 2016.    

9. GIPP, B.; KOSTI, J.; BREITINGER, C. Securing Video Integrity Using Decentralized Trusted 

Timestamping on the Bitcoin Blockchain. 2016.    

156



  

10. GOERTZEL, B.; GOERTZEL, T.; GOERTZEL, Z. The global brain and the emerging economy 

of abundance: mutualism, open collaboration, exchange networks and the automated commons. 

Technological Forecasting and Social Change, v. 114, p. 65-73,  2017. ISSN 0040-1625.   

11. GÖBEL, J.  et al. Bitcoin blockchain dynamics: The selfish-mine strategy in the presence of 

propagation delay. Performance Evaluation, v. 104, p. 23-41, 2016. ISSN 0166-5316.   

12. HAYES, A. Decentralized Banking: Monetary Technocracy in the Digital Age. In: (Ed.). 

Banking Beyond Banks and Money: Springer, 2016. p.121-131.   

13. HOLOTIUK, F.; PISANI, F.; MOORMANN, J. The Impact of Blockchain Technology on 

Business Models in the Payments Industry. 2017.    

14. RÜCKESHÄUSER, N. Do We Really Want Blockchain-Based Accounting? Decentralized 

Consensus as Enabler of Management Override of Internal Controls. 2017.    

15. SPAGNUOLO, M.; MAGGI, F.; ZANERO, S. Bitiodine: Extracting intelligence from the 

bitcoin network. International Conference on Financial Cryptography and Data Security, 2014, 

Springer. p.457-468. 

16. Swan M. Blockchain: Blueprint for a new economy[M]. " O'Reilly Media, Inc.", 2015. 

17. WALSH, C. et al. New kid on the block: a strategic archetypes approach to understanding the 

Blockchain. 2016.    

18. WÖRNER, D. et al. The Bitcoin Ecosystem: Disruption Beyond Financial Services? ,  2016.    

19. YLI-HUUMO, J. et al. Where Is Current Research on Blockchain Technology?—A Systematic 

Review. PloS one, v. 11, n. 10, p. e0163477,  2016. ISSN 1932-6203. 

  

 

 

  

157



  

Understanding IS Alignment – Agility Paradox: A Three-Way Interaction of 

Structural Alignment, Social Alignment, and Environmental Dynamism 
 

Jingmei Zhou Yulin Fang 

University of Science and Technology of City University of Hong Kong 

China & City University of Hong Kong  

jingmzhou2-c@my.cityu.edu.hk ylfang@gapps.cityu.edu.hk 

 

 

Abstract  
IT alignment is generally considered an enabler of organizational agility. However, previous 

literature also finds that IT alignment has no or even a negative effect on organizational agility, 

suggesting an “alignment-agility” paradox. This study aims to address this paradox. We consider 

the boundary conditions of environmental dynamism that under which the effect of IT alignment 

varies. We then conducted a paired-matched survey of business and IT executives in 148 

organizations to empirically examine the proposed research model. Our findings suggest that 

environmental dynamism has a negative moderating effect on the relationship between intellectual 

alignment and organizational agility, but a positive moderating effect on the relationship between 

social alignment and organizational agility. Furthermore, we found that in dynamic environments, 

intellectual alignment increases organizational agility only when it is complemented by social 

alignment. 

Key words: Alignment paradox, Agility, Environmental dynamism, Three-way interaction  

1. Introduction 

Business-IT (information technology) alignment (hereafter IT alignment), defined as the degree of 

fit between business and IT strategies, has been identified as a top priority for researchers and 

practitioners in information systems field (Chan et al. 1997; Chan et al. 2006; Oh and Pinsonneault 

2007; Preston and Karahanna 2009; Tallon and Pinsonneault 2011). Because aligned firms 

effectively use IT resources to support internal business processes, previous literature shows that 

they leverage IT to sense and respond to external change in an agile manner, and be competitive in 

the markets (Vessey and Ward 2013). Studies have repeatedly shown that IT alignment affect 

profitability, productivity, and sustainable competitive advantage, directing the firms to investment 

more effort in aligning business and IT strategies (Baker et al. 2011; Kearns and Lederer 2003; Oh 

and Pinsonneault 2007; Rivard et al. 2006).  

However, some studies have shown that firms have aligned business and IT strategies has no 

improvement, or even a decline in performance (Chan et al. 2006; Liang Forthcoming; Tallon and 

Kraemer 2003a; Tallon and Kraemer 2003b). These studies suggest that alignment can result in 

inertia, strategic inflexibility, and competitive disadvantage (Gerow et al. 2014; Liang Forthcoming). 

Researchers widely acknowledged that agility, which is defined as the firm’s ability to sense and 

respond to unexpected threats and opportunities, is the core problem underlying alignment paradox 

(Liang Forthcoming; Tallon and Pinsonneault 2011). Studies have found that tight alignment 

between business and IT strategies may lead to the firms’ inertia by creating resource and routine 

rigidities, thus restricting the firms’ ability to recognize and respond to environmental changes 

(Benbya and McKelvey 2006; Chen 2010; Liang Forthcoming). This view suggests a rigidity trap, 

which some firms have encountered in practice, that is costly and lagging to afford quick responses 

to dynamic environments (Chen et al. 2010).  
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To sum up, previous academic studies find that IT alignment may lead to positive or negative effects 

on organizational agility. Recent studies suggest that complex conceptualization of IT alignment 

makes it difficult to conclude exactly which dimension contributes to the positive effects on agility 

(Gerow et al. 2014), as such, the researchers have intended to unravel this paradox by proposing a 

dimensional view of IS alignment and find that different dimensions of IS alignment may lead to 

opposite impacts on organizational agility. Liang (Forthcoming) finds opposite impacts of 

intellectual alignment and social alignment on agility, that intellectual alignment impedes 

organizational agility by increasing organizational inertia while social alignment facilitates agility 

by enhancing emergent business-IT coordination. Furthermore, it is found that the negative effect of 

intellectual alignment on organizational agility can be eliminated by social alignment between 

business and IT executives. The contradictory findings of Liang (Forthcoming) confirmed the IT 

alignment-agility paradox. It unravels the paradox to some extent by using a dimensional view of IT 

alignment, however, it evokes one more research concern: compared to the positive findings of 

intellectual alignment-agility relationship (Bradley et al. 2012; Tallon and Pinsonneault 2011), why 

intellectual alignment is found to impede organizational agility? The author claims the reason of the 

negative findings of intellectual alignment-agility relationship could be that their research is 

conducted in one industry – shipbuilding industry which was experiencing abrupt market changes. 

The previous strong intellectual alignment turns to be strong inertia that decreases the firm’s ability 

to respond to external changes. The author clearly suggests that “it seems there are boundaries 

confining the positive effect of intellectual alignment” and needs to be further validated in future 

research.  

Our research attempts to further unravel the IT alignment-agility paradox by responding to the calls 

of considering the boundary condition (i.e., environmental dynamism) of IT alignment-agility 

relationship. Environmental dynamism, which refers to the volatility and unpredictability of changes 

in external environment variables with which a firm has to deal (Keats and Hitt 1988), has not yet 

been investigated as the moderating role in influencing the relationship between IT alignment and 

organizational agility in spite of its theoretical and practical significance. Theoretically, it represents 

a research opportunity to investigate how IT alignment operates under various boundary conditions. 

The findings could help specify the conditions under which IT alignment has varying effects on 

organizational agility, and explain the somewhat unexpected results in the literature that IT alignment 

has a negative or less significant effect on organizational agility(Bergeron et al. 2004; Chan et al. 

1997; Liang Forthcoming; Tallon and Kraemer 2003b) than in other related studies (Bradley et al. 

2012; Tallon and Pinsonneault 2011). Practically, a complete understanding of this moderating effect 

can yield the potential of guiding firms to fine tune their extent of alignment between business and 

IT. In today’s hyper competitive environments, empirical studies reveal that the presence of high 

level of intellectual alignment may not be an imperative for triggering organizational agility. From a 

firm’s perspective who relies heavily on IT to operate business, their vast investment in building and 

maintaining alignment between business and IT strategies may no longer be an advantage. In this 

context, a better understanding of the moderating effect of environmental dynamism is essential to 

inform the firms on how to more effectively align business and IT in different conditions and thereby 

optimize their return from investing in IT alignment.  

Drawing on the contingency perspective in the IT alignment literature (Chakravarty et al. 2013; Lee 

et al. 2015; Miller 1992), we investigate the moderating effect of environmental dynamism on the 

intellectual alignment-agility relationship and social alignment-agility relationship. We also 

investigate a three-way interaction effect among intellectual alignment, social alignment, and 

environmental dynamism on organizational agility. We then conduct a paired matched survey of 
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business executive and IT executives in 148 organizations to examine the link between IT alignment 

and agility. The results first indicate the underlying reason for the alignment paradox; that is, 

environmental dynamism is negatively related to the effect of intellectual alignment on 

organizational agility. In dynamic environments, increases in intellectual alignment cannot improve 

organizational agility. Second, environmental dynamism positively enhances the effect of social 

alignment on organizational agility. Finally, we also uncover a possible solution to reconcile the IT 

alignment-agility paradox with the three-way interaction analysis result: although increasing 

intellectual alignment does not lead to greater agility in dynamic environments, the reverse may be 

true when intellectual alignment is complemented by social alignment. We discuss how firms can 

tailor alignment type to different levels of environment dynamism to achieve higher level agility. 

Our study provides several important theoretical and empirical contributions to the IT alignment-

agility literature (see Table 1 for a summary). First, our study advances the existing IT alignment-

agility research by specifying an environmental boundary condition under which the effect of IT 

alignment varies. Second, to some extent, our study unravels IT alignment-agility paradox by 

showing that intellectual alignment may not impact significantly on agility in dynamic environments. 

Third, our study provides the solution to IT alignment-agility paradox that intellectual alignment can 

deliver positive effects on organizational agility in dynamic environments only when it works 

together with social alignment.  In the next section, we present our theoretical background, research 

model, and hypotheses. Then we introduce the research method, survey setting, data collection, 

measurement development, and data analysis results. Finally, we discuss the results, contributions, 

limitations, and conclusions of our work. 

Control Variables
IT flexibility

IT investment

IT Department Size

Industry

Firm Size1/2

Revenue

Intellectual Alignment

Social Alignment

Organizational 

Agility

Environmental 

Dynamism

Interaction

H1

 H3

H2

IT-business Alignment

 

2. Conceptual Background 

Although the previous literature has documented the positive effect of IS alignment on organizational 

outcomes (e.g., performance, agility) [2, 14], we continue to hear about the alignment paradox [8, 

21]. For instance, Chan, Sabherwal [7] find that the operational support provided by IS alignment 

does not improve organizational effectiveness in “defender business firms” (who have high risk 

aversion); for instance, by frequently introducing new products/services to meet consumer demand. 

Bergeron, Raymond [1] demonstrate that certain patterns of alignment could undermine business 

growth. Tallon [18] investigation of 238 mid-size firms revealed that 30 percent believed that the 

“inflexibility” of IS alignment resulted in either no net improvement in business processes, or worse, 

inferior outcomes. Scholars have widely acknowledged that the alignment paradox exists, suggesting 
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that it arises when IS alignment undermines a firm’s ability to identify and respond to market change 

[18, 21]. This implies that agility may underpin the alignment paradox [7, 21]. Therefore, the focus 

of this paper is to understand whether IS alignment improves or impedes organizational agility. 

Following Reich and Benbasat [16], our study will unravel the paradox by comprehensively 

examining the two dimensions of IS alignment and their complementary effects on organizational 

agility. Further, we introduce the moderating effect of environmental dynamism on the relationship 

between different dimensions of IS alignment and organizational agility.  

3. Research Model and Hypotheses Development 

3.1 Intellectual alignment and agility: moderating effect of environmental dynamism 

A firm operating in a dynamic environment faces significant and unpredictable changes in customer 

tastes and preferences and in production and service technologies (Lee et al. 2015). Changes in these 

environmental variables compel firms to adopt new and innovative routines. Although aligned IT 

processes provide for firm multiple digital options, radical changes do not need the planned ones. 

Instead, firms need updated knowledge and solutions of IT to respond. However, intellectual 

alignment emphasizes past information storage and planned IT architecture (Chakravarty et al. 2013).  

Hypothesis 1: As the degree of environmental dynamism increases, the positive effects of intellectual 

alignment on organizational agility decrease.  

3.2 Social alignment and agility: moderating effect of environmental dynamism 

In a dynamic environment, market research and R&D are critical for enabling innovative responses. 

These activities rely heavily on mutual communication and collaboration between business and IT 

units (Bharadwaj et al. 2007). Previous literature has also contended that social integration between 

business and IT executives could bring information sharing and knowledge creation (Karahanna and 

Preston 2013). In this case, social alignment could lead to continuous learning about markets, 

customers, and technology development. Business and IT executives could collaborate to generate a 

series of innovative IT solutions to cope with unexpected changes.  

Hypothesis 2: As the degree of environmental dynamism increases, the positive effects of social 

alignment on organizational agility increase. 

3.3 Three-way interaction effects: moderating effect of environmental dynamism on the 

complementary effects of intellectual alignment and social alignment on organizational agility 

We argue that the complementary effect of social alignment on intellectual alignment is more 

important in dynamic environments. When radical changes occur, previous strong intellectual 

alignment lead to the negative effects of success trap and resource rigidity, which are detrimental to 

the firms’ agile responses to the environmental changes. While these negative effects could be 

eliminated when social alignment is high. On the one hand, social alignment induced timely 

communication could make business executive to be mindful in information system choices. 

Through frequent communication, business and IT executives have the chance to exchange their 

perspectives of IT adoption and implementation. For instance, the firm may choose a set of flexible 

infrastructures to afford frequent updating in response to changing business requirements. In line 

with this, although intellectual alignment is strong, the integration of diverse perspectives from IT 

and business domain lead to mindful decisions that are less likely to bring rigidity problems.  

Hypotheses 3: With high environmental dynamism, higher levels of intellectual alignment will 

increase organizational agility only when social alignment is high; when social alignment is low, 

higher levels of structural alignment will decrease organizational agility.  
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4. Methodology 

Survey setting. Our study was tested using a filed study of a pair-matched sample of 148 distinct 

business-IT executive dyads (i.e., dyads consisting of a single business executive and a single IT 

executive in one firm).  

Data collection. We developed two questionnaires: the first targeted at senior IT executives while 

the second targeted at CEO or other senior business executives. Intellectual alignment and social 

alignment were measured by business and IT executive questionnaires, whereas organizational 

agility and environmental dynamism were only measured by business executive questionnaire. We 

collected data with the help of a Chinese educational institution which offers highly-regarded 

business manager training programs, particularly in IS management.  

Measurement development. The measures for all constructs were adapted from the literature.  

5. Results 
Aggregation of matched data. Before aggregating the dyadic data on intellectual alignment and 

social alignment, we checked for pair symmetry by using the inter-rater agreement index rwg. This 

is a widely-used index for inter-rater agreement on Likert-type scales (Preston and Karahanna 2009; 

Wu et al. 2015). The average rwg for intellectual alignment and social alignment was 0.87 and 0.90, 

respectively, passing the threshold of 0.770 and suggesting a good symmetry and consensus in the 

perceptions of business executives and IT executives. Thus, we averaged the matched business 

executives and IT executives’ scores for next analysis. 

Reliability and validity. For reliability, the composite reliability, average variance extracted (AVE), 

and Cronbach’s alpha are higher than 0.7, 0.5, and 0.7, respectively. The loadings of each item were 

higher than 0.7. All item loadings had the strongest loadings on their corresponding construct 

compared with other constructs, which indicates good discriminant validity. Further, the AVE of 

each construct was higher than the correlations between constructs, thus proving discriminant 

validity. The correlations among the constructs were below 0.6; thus proving there are no 

multicollinearity problems. 

Control Variables
IT flexibility

IT investment

IT Department Size

Industry

Firm Size1/2

Revenue

Intellectual Alignment

Social Alignment

Organizational 

Agility

Environmental 

Dynamism

Interaction

H1= -0.168*

 H3=0.173*

H2=0.175*

IT-business Alignment

 
Figure 2.  Results of PLS Analysis 

 

Hypotheses testing. As our sample size is relatively small, we used smart PLS 3.0 to test our research 

model. The results are presented in Figure 2.  

 

6. References 

[1] F. Bergeron, Raymond, L., Rivard, S. Ideal patterns of strategic alignment and business performance. 

162



  

Information & management, 41, 8 (2004), 1003-1020. 

[2] S. Bharadwaj, Bharadwaj, A., Bendoly, E. The performance effects of complementarities between information 

systems, marketing, manufacturing, and supply chain processes. Information systems research, 18, 4 (2007), 

437-453. 

[3] A. Chakravarty, Grewal, R., Sambamurthy, V. Information technology competencies, organizational agility, and 

firm performance: Enabling and facilitating roles. Information Systems Research, 24, 4 (2013), 976-997. 

[4] Y.E. Chan. Why haven't we mastered alignment? The importance of the informal organization structure. MIS 

Quarterly executive, 1, 2 (2002), 97-112. 

[5] Y.E. Chan, Huff, S.L., Barclay, D.W., Copeland, D.G. Business strategic orientation, information systems 

strategic orientation, and strategic alignment. Information systems research, 8, 2 (1997), 125-150. 

[6] Y.E. Chan, Reich, B.H. It alignment: An annotated bibliography. Journal of Information Technology, 22, 4 

(2007), 316-396. 

[7] Y.E. Chan, Sabherwal, R., Thatcher, J.B. Antecedents and outcomes of strategic is alignment: An empirical 

investigation. Engineering Management, IEEE Transactions on, 53, 1 (2006), 27-47. 

[8] J.E. Gerow, Grover, V., Thatcher, J.B., Roth, P.L. Looking toward the future of it-business strategic alignment 

through the past: A meta-analysis. Management Information Systems Quarterly, 38, 4 (2014), 1059-1085. 

[9] J.C. Henderson, Venkatraman, N. Strategic alignment: Leveraging information technology for transforming 

organizations. IBM systems journal, 32, 1 (1993), 4-16. 

[10] O.-K. Lee, Sambamurthy, V., Lim, K.H., Wei, K.K. How does it ambidexterity impact organizational agility? 

Information Systems Research, 26, 2 (2015), 398-417. 

[11] S.M. Lee, Kim, K., Paulson, P., Park, H. Developing a socio-technical framework for business-it alignment. 

Industrial Management & Data Systems, 108, 9 (2008), 1167-1181. 

[12] H. Liu, Ke, W., Wei, K.K., Hua, Z. The impact of it capabilities on firm performance: The mediating roles of 

absorptive capacity and supply chain agility. Decision Support Systems, 54, 3 (2013), 1452-1462. 

[13] Y. Lu, Ramamurthy, K. Understanding the link between information technology capability and organizational 

agility: An empirical examination. MIS Quarterly, 35, 4 (2011), 931-954. 

[14] W. Oh, Pinsonneault, A. On the assessment of the strategic value of information technologies: Conceptual and 

analytical approaches. MIS quarterly, (2007), 239-265. 

[15] D.S. Preston, Karahanna, E. Antecedents of is strategic alignment: A nomological network. Information Systems 

Research, 20, 2 (2009), 159-179. 

[16] B.H. Reich, Benbasat, I. Factors that influence the social dimension of alignment between business and 

information technology objectives. Management Information Systems Quarterly, 24, 1 (2000), 81-114. 

[17] R. Sabherwal, Chan, Y.E. Alignment between business and is strategies: A study of prospectors, analyzers, and 

defenders. Information systems research, 12, 1 (2001), 11-33. 

[18] P. Tallon. The alignment paradox. CIO insight, 1, 47 (2003), 75-76. 

[19] P.P. Tallon, Kraemer, K.L., The implications of strategic alignment for it business value: Investigating an 

alignment paradox, Research Report, Univ. of California, Irvine (http://citeseerx/. ist. psu. 

edu/viewdoc/download, 2003. 

[20] P.P. Tallon, Kraemer, K.L. Investigating the relationship between strategic alignment and it business value: The 

discovery of a paradox. Creating Business Value with Information Technology: Challenges and Solutions. 

Hershey, PA: Idea Group Publishing, (2003), 1-22. 

[21] P.P. Tallon, Pinsonneault, A. Competing perspectives on the link between strategic information technology 

alignment and organizational agility: Insights from a mediation model. MIS Quarterly-Management Information 

Systems, 35, 2 (2011), 463. 

[22] H.-T. Wagner, Beimborn, D., Weitzel, T. How social capital among information technology and business units 

drives operational alignment and it business value. Journal of Management Information Systems, 31, 1 (2014), 

241-272.  

  

163

http://citeseerx/


  

IT Governance, Security Outsourcing, and Cybersecurity Breaches: Evidence 

from the U.S. Higher Education 
Chewei Liu Peng Huang Hank Lucas 

University of Maryland at 

College Park 

University of Maryland at 

College Park 

University of Maryland at 

College Park 

cwliu@rhsmith.umd.edu phuang1@rhsmith.umd.edu hlucas@rhsmith.umd.edu 

  

Abstract 

 
Prior research on information security management often considers information security as an 

operational decision instead of a strategic decision, and there is a lack of empirical research that 

uses archival data to examine cybersecurity breaches. We study how two important strategic 

decisions with regard to information systems – IT governance, and the outsourcing of information 

security – affect the likelihood of cybersecurity breaches by using a sample of 505 U.S. higher 

education institutions over a 4-year period. We find that a university with centralized IT decision 

making is associated with fewer cybersecurity breaches. Interestingly, the effect of centralized IT 

governance is contingent on the complexity of a university’s computing environment – schools with 

sophisticated IT infrastructure benefit more from centralized governance. In addition, we find that 

correcting for the self-selection bias, universities that opt for outsourcing their information security 

have a lower likelihood of suffering from a cybersecurity breach. 

Keywords: information security, cybersecurity breach, IT governance, centralization, IT 

complexity, outsourcing, managed security service 

1. Introduction 
Information security has become one of the top priorities for IS managers in both public and private 

sectors. With organizations facing increasingly sophisticated methods of security intrusions, and 

cybersecurity breaches causing significant disruptions of business operations, and financial 

damages, information security management has drawn significant attention of researchers. 

Although progress has been made in research on information security management, there remain 

at least two related challenges in the current understanding. First, there is a dearth of empirical 

research that uses archival data to examine issues related to information security management, 

particularly incidents of cybersecurity breaches. There is very little evidence-based insight on what 

types of IT-related policies and practices lead to better information security. Second, most existing 

research studies information security as an operational IT decision rather than a strategic decision. 

As a result, current studies focus heavily on security processes (Straub and Welke 1998), patching 

(Arora et al. 2010), or contracting issues (Cezar et al. 2013). Very few have investigated how 

strategic decisions, such as IT governance or the decision to outsource information security 

influence an organization’s capability of securing its digital assets against intruders. 

In this paper, we aim to address these gaps in the literature by examining how two important 

strategic decisions with regard to information systems -- IT governance, and the outsourcing of 

information security -- affect the likelihood of cybersecurity breaches by examining a sample of 

505 U.S. higher education institutions over a 4-year period. We assembled a unique data set that 

includes cybersecurity breaches at universities, their IT investments, IT governance modes and 

policies, and other universities characteristics. We use panel data methods and hazard models to 

conduct the empirical analyses. We control for various factors that may influence the amount of 

cybersecurity attacks that a university endures, as well as a series of IT investments, information 
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security policies and practices that may have an impact on the probability of a cybersecurity breach. 

Cognizant of the self-selection issues associated with the information security outsourcing decisions, 

we employ a number of sample selection models to correct for the estimation bias, including 

endogenous treatment regressions, propensity score matching, and inverse probability weighting 

techniques. We further address the endogeneity issues related to IT governance using instrumental 

variables methods. 

We find that a university with centralized IT decision making is associated with fewer cybersecurity 

breaches. By our estimate, a one standard deviation increase in IT centralization is associated with 

a reduction in the probability of a cybersecurity breach by 3.5%. Interestingly, the effect of 

centralized IT governance is contingent on the complexity of a university’s computing environment: 

for example, when IT complexity is at the 1st quartile of the sample, a one s.d. increase in IT 

centralization leads to a reduction in the probability of a cybersecurity breach by 2.5%. In contrast, 

when IT complexity is at the 3rd quartile of the sample, one s.d. increase in IT centralization is 

associated with a reduction of 5.1% in the probability of a cybersecurity breach. These findings are 

robust to the IV regressions that address the endogeneity associated with IT centralization. In 

addition, we find that correcting for self-selection bias, universities that opt for outsourcing their 

information security have a lower likelihood of suffering from a cybersecurity breach. Over all, our 

findings highlight that information security should become a crucial consideration in strategic IT 

decision making, and provide several important insights for mitigating security risks in universities. 

2. Hypotheses 
Consistent with prior literature, we define cybersecurity breach as “an incident in which sensitive, 

protected or confidential data has potentially been viewed, stolen or used by an individual 

unauthorized to do so” (Adebayo 2012). We argue that centralized IT governance will lead to lower 

cybersecurity risks. First, information security management requires highly specialized technical 

skills, as well as a holistic understanding of the university’s digital assets. Under such conditions, 

a central IT office, by virtue of specialization and economies of scale, is more likely to possess the 

requisite knowledge and expertise. Second, the prevention of intrusions and breaches needs an 

integrated security management solution and campus-wide coordination; an isolationist approach 

is unlikely to be successful. Finally, a central IT office can establish universal information security 

policies, enforce risk detection and prevention protocols, and install security software that protects 

all parts of the network. Therefore, we hypothesize that universities with a higher degree of 

centralized IT governance will have fewer cybersecurity breaches (H1). 

We also argue that with a more complex computing infrastructure environment, the benefits of 

centralized IT governance and coordination on strengthening information security are amplified. 

This is because in the presence of heterogeneous, complex information systems, specialization and 

economies of scale play a more critical role in defending against cybersecurity intrusions. In 

addition, as computing environment becomes more complex, the requirement for interoperability 

and coordination increases, and centralized IT governance is better able to meet these requirements. 

It is well known that under a decentralized IT governance, system integration is difficulty and 

standardization face greater challenges (Braa et al. 2007). As a result, when a university has a more 

complex IT environment, the effect of centralized IT governance on reducing cybersecurity breaches 

is greater than a university with a simple IT environment (H2). 

In addition, we propose that information security outsourcing by a university reduces the likelihood 

of security breaches. First, the outsourcing of information security benefits from economies of scale 

and access to highly specialized labor, which are difficult to obtain if it is operated in-house. Second, 

by choosing to outsource information security, an organization also gains access to an information 
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sharing network with lower risk and less free riding. Third, positive externality associated with 

information security often gives rise to reduced incentive to invest in security technologies. The 

presence of security service providers serving multiple clients can internalize the externalities of 

security investments, and therefore mitigate the inefficient underinvestment in security 

technologies (Zhao et al. 2013). Therefore, universities that outsource their information security 

will have fewer cybersecurity breaches than those that operate information security in-house (H3). 

3. Data 
We assembled a longitudinal data set of cybersecurity breaches occurred in the higher education 

sector, as well as the institutional characteristics, IT-related investments and practices of a sample 

of 505 U.S. higher education institutions during a four-year period (2011- 2014). Our data set 

consists of three major components, which were gathered from three separate data sources. We 

collected data on cybersecurity breaches from two of such databases that provide open access to the 

public: the Identity Theft Resource Center (ITRC), and the Privacy Rights Clearinghouse (PRC). 

We obtain the measures of IT investments, IT governance, security outsourcing decisions, and other 

related IT practices and policies from the Educause Core Data Service (CDS) survey. We also 

obtain various institutional characteristics, as well as other student/faculty-related information from 

the Integrated Postsecondary Education Data System (IPEDS) data center. Table 1 summarizes the 

key variables used in this study. On average, the central IT office is responsible for 61% of IT 

functions and services, indicating a relatively high level of centralized IT governance in higher 

education institutions. There is a small fraction of universities (2.0%) that choose to outsource their 

IT security to external vendors. The universities in our sample have moderately heterogeneous 

computing environment in their data centers (the average Blau’s Index is 0.60). 

Table 1. Variables description 
Variable Description Mean S.D. 

Security 

Breach 

The dependent variable is a binary indicator that represents whether a university 

encountered a cybersecurity breach in a given year. 

0.06 0.23 

IT 

Centralization 

We construct our IT centralization variable using the 12 IT functions that were 

consistently included in the Educause survey. For each university-year 

observation, we calculated the percentage of IT functions that the central IT 

office was responsible, as use this percentage as our measure of IT 

centralization. 

0.61 0.14 

Outsourced 

Security 

We created the binary indicator variable to indicated whether IT Security is 

primarily the responsibility of outsourced vendors. 

0.02 0.15 

IT 

Complexity 

We capture the complexity of a university’s computing environment by the 

operating systems deployed in its data centers. We employ the Blau’s index – to 

calculate the heterogeneity of operating systems in the data centers. 

0.60 0.16 

Notes: We also control the following variables: Data Centers; Programs; Schools; Students; Faculty; IT Staff; IT Expense; Research Grants; State 
Cybercrimes; NCAA; and Multi-institutional Collaboration, Carnegie Classification, Locale Code, Calendar System, Intrusion Prevention Policies, 

and Year dummies. 

4. Results and Contributions 
We find strong support for Hypothesis 1, which predicts that universities with more centralized IT 

governance will have fewer cybersecurity breaches than the ones with decentralized IT. Particularly, 

the results from the main effect models across the different specifications, presented in Table 2 

column 1, 3, 5 and 7, consistently show that IT Centralization reduces the probability of suffering 

a cybersecurity breach (although the estimation in the FE model is slightly short of significance, 

probably due to the slow-changing nature of IT governance). The coefficient estimate from the OLS 

model implies that a one standard deviation increase in IT Centralization (0.14) is associated with 

a reduction in the probability of a cybersecurity breach by |0.14*(-0.14)|= 1.96% (p<0.05). Given 

that the sample mean of security breach probability is 5.67%, this represents a 34.6% reduction. 
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The random-effects model shows a very similar magnitude of the marginal effects, although the 

estimation of the standard deviation is more accurate. In contrast, the first- differences models yield 

a slightly higher magnitude: calculations based on column (5) suggest that a one s.d. increase in 

IT Centralization is associated with a reduction in the probability of a cybersecurity breach by 3.5% 

(p<0.1), or a 61.7% reduction. 

Next, we turn to the evaluation of the moderating effect of IT Complexity on the relationship 

between centralized IT governance and cybersecurity breaches. We find strong support for 

Hypothesis 2, and the negative coefficients of the interaction term, (IT complexity) X (IT 

Centralization), presented in Table 2 column 2, 4, 6, and 8 consistently show that when a university 

has a more complex computing environment, the benefits of having a centralized IT governance on 

reducing cybersecurity breaches is greater. For example, the marginal effect calculations based on 

column 6 (the FD model) suggest that when IT Complexity is at the 1st quartile of the sample (0.549), 

the effect of IT Centralization on the probability of cybersecurity breach is 0.459+(- 1.161)*0.549= 

-0.178, which implies that one s.d. increase in IT Centralization is associated with 0.14*|(-0.178)| 

= 2.5% reduction in the probability of a security breach. In contrast, when the IT Complexity is at 

the 3rd quartile of the sample (0.708), the marginal effect of IT Centralization is 0.459+(-

1.161)*0.708=-0.363 (p<0.1), which implies that one s.d. increase in IT Centralization is associated 

with a reduction of 0.14*|(-0.363)| = 5.1% in the probability of cybersecurity breach. We also 

conducted a series of tests using alternative model specifications, which include binary panel data 

logit models and various survival models. H1 and H2 are consistently supported across these models. 

Table 2. Cybersecurity Breach: Linear Probability Models 
(1)  (2) (3) (4) (5) (6) (7) (8) 

 OLS  Random Effects First Difference Fixed Effects 

IT Centralization -0.141
**

 0.322
**

 -0.141
***

 0.322
*

 -0.249
**

 0.459 -0.150 0.522 

 (0.060) (0.157) (0.051) (0.192) (0.126) (0.364) (0.107) (0.348) 

Outsourced Security 0.004 0.008 0.004 0.008 0.217
*

 0.213 0.071 0.073 

 (0.054) (0.053) (0.044) (0.044) (0.126) (0.132) (0.083) (0.083) 

IT Complexity -0.037 0.457
**

 -0.037 0.457
**

 0.031 0.795
*

 -0.003 0.729
*

 

 (0.035) (0.191) (0.047) (0.203) (0.103) (0.446) (0.123) (0.381) 

IT Centr. X IT Comp.  -0.775
***

  -0.775
**

  -1.161
*

  -1.132
**

 

  (0.290)  (0.310)  (0.614)  (0.558) 

N 1287 1287 1287 1287 713 713 1287 1287 

(with-in) R
2
 0.083 0.088   0.030 0.034 0.044 0.049 

Log likelihood   114.100 117.210     
Notes: All regressions include the control variables: Data Centers; Programs; Schools; Students; Faculty; IT Staff; IT Expense; Research Grants; 
State Cybercrimes; NCAA; and Multi-institutional Collaboration. We also include a set of categorical variables as controls: Carnegie Classification, 

Locale Code, Calendar System, Intrusion Prevention Policies, and Year dummies. 
Robust standard errors clustered by universities are in parentheses. * p < .1, ** p < .05, *** p < .01 

We perform a two-stage least square (2SLS) analysis with fixed effects to deal with the endogeneity 

problem of IT Centralization, and present the results in Table 3. In the first stage, as we expected, 

both IVs – Multi-campus Organization and Average Distance – are positively associated with 

centralized IT governance, although the estimate of the former is less precise. The second stage of 

the IV regression confirms that Hypothesis 1 is robust to the endogeneity of IT Centralization, as it 

remains negative and highly significant (p<0.01). The F-statistic of the excluded instruments in the 

first stage has a value of 39.42, which is greater than the conventional threshold value of 10, and 

indicates that our instruments are not weak. This is further confirmed by the Kleibergen-Paap rk 

Wald F statistic (with a value of 39.42), which is greater than the Stock- Yogo critical value (Baum 

et al. 2007; Stock and Yogo 2005) at 10% maximal IV size (19.93). In addition, the Hansen J 

statistic has a value of 0.32 and cannot reject the null (p=0.57), which confirms that the 

overidentification restrictions are satisfied and our IVs are valid. We also address the endogeneity of 

the interaction term IT Centralization X IT Complexity. We use the interactions of IT Complexity 
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and the two IVs – Multi-campus Organization X IT Complexity, and Average Distance X IT 

Complexity – as additional instruments, and find a robust result. 

 

Table 3. Instrument for IT centralization - Main effect 

 First  Stage IT 

centralization 

Second Stage 

Security Breach 

Multi-campus Organization 0.059  
 (0.059)  
Average Distance 0.025*  
 (0.013)  
Outsourced Security -0.025 -0.016 

 (0.026) (0.113) 

IT Complexity 0.097* 0.509
**

 

 (0.044) (0.238) 

IT Centralization  -4.533
***

 

  (1.132) 

N 1180 

F test of excluded instruments 39.42 (p=0.0000)   
 

Notes: IV regressions with fixed effects are reported. All regressions include the control variables: Data Centers; Programs; Schools; Students; 
Faculty; IT Staff; IT Expense; Research Grants; State Cybercrimes; NCAA; and Intrusion Prevention Policies. Robust Standard errors are in 
parentheses. 107 observations were dropped due to singleton. * p < .1, ** p < .05, *** p < .01 

In order to correct for the selection problems associated with information security outsourcing 

decisions, we test the endogenous treatment-regression models. The results are reported in  Table 

4. The results in the odd-numbered columns show the estimation coefficients from the selection 
equation, and the results in the even-numbered columns show the coefficients estimates of the 

outcome equation. 

Table 4. Endogenous Treatment Regression Models for Outsourced Security 
 

(1) (2) (3) (4) 

Treatreg, main effects Treatreg, interaction 

 Selection eq. Outcome eq. Selection eq. Outcome eq. 

Outsourced Security  -0.265
***

  -0.305
**

 

  (0.069)  (0.126) 

IT Centralization -3.531
***

 -0.167
*

 -12.864
**

 0.467
*

 

 (0.931) (0.091) (6.465) (0.248) 

IT Complexity 0.664 -0.061 -8.465 0.611
**

 

 (0.812) (0.058) (6.024) (0.278) 

IT Centr. X IT Comp.   15.843 -1.052
**

 

   (10.813) (0.431) 

IT Labor Supply -0.054
***

  -0.048
**

  
 (0.019)  (0.020)  

IT Labor Wage 0.072
***

  0.063
**

  
 (0.025)  (0.030)  

Constant -10.200
***

 -0.048 -3.748 -0.456
*

 

 (3.126) (0.218) (5.164) (0.255) 

Year fixed effects Yes Yes Yes Yes 

N 700 700 700 700 

Wald Test of ρ 0.009 0.078 

 

Notes: All regressions include the control variables: Data Centers; Programs; Schools; Students; Faculty; IT Staff; IT Expense; Research Grants; 

State Cybercrimes; NCAA; and Multi-institutional Collaboration. We also include a set of categorical variables as controls: Carnegie Classification, 
Locale Code, Calendar System, and Intrusion Prevention Policies. Robust standard errors clustered by universities are in parentheses. 587 

observations were dropped due to availability of IT labor supply and wage. * p < .1, ** p < .05, *** p < .01 

We find that correcting for the self-selection issues, Hypothesis 3 -- which states that a university 

that outsources its information security faces a lower chance of a cybersecurity breach compared to 

a university that operates its own IT security -- is supported. The results from column 2 (the outcome 

equation from the treatment regression) suggest that when a university changes from operating its 

IT security in-house to outsourcing, the probability of suffering from a security breach is reduced by 
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26.5%. Consistent with our expectation, in the first stage selection equations (column 1 and column 

3), higher levels of IT labor supply in the local market is significantly associated with reduced 

propensity for IT security outsourcing, and higher levels of IT labor wage are associated with 

increased propensity for IT security outsourcing. These results show that the two measures of local 

IT labor market are valid sample selection variables. A Wald test of 𝜌 rejects the null hypothesis of 

no correlation between the errors in the selection equation and the errors in the outcome equation, 

indicating that the Outsourced Security variable indeed suffers from self- selection issues and 

therefore needs to be corrected. In addition, we find that the main effect of centralized IT 

governance (in column 2) and the moderating effect of IT complexity (in column 4) in the sample 

selection models are very similar to those in the baseline, FD linear probability models (presented 

in Table 2), which further lend support to Hypothesis 1 and Hypothesis 2. We also evaluate the 

validity of Hypothesis 3 by using two alternative identification strategies -- estimating the average 

treatment effects of IT security outsourcing by propensity-score matching (PSM), and by inverse-

probability weighting (IPW). The results are highly consistent. 

Our research contributes to the literature on information security management in a number of ways. 

First, they suggest that information security should enter the calculus when the management makes 

strategic IT decisions, and it needs to be considered alongside other factors such as flexibility, 

agility and efficiency. This will invariably introduce subtle tradeoffs in information systems 

planning and sometimes lead to delicate compromises, for example, sacrificing the flexibility of 

information systems for the benefits of enforcing standardized security protocols. Second, by 

studying the outcome of information security management, we provide benchmark data that may 

aid the management in making information security sourcing decisions. We show that universities 

that opt for security outsourcing on average outperform the ones that operate information security 

in-house. It is likely that the difficulties associated with outsourcing contracts can be mitigated by a 

number of mechanisms, such as reputation and repeated interactions, or careful contract design. 
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Abstract 
 

Prior studies have evidenced the effectiveness of more severe and broader enforcement in deterring 

cybercrimes. This study addresses the other side of the story. Our data analysis shows that the 

enforcement against the production / distribution / possession of computer misuse tools tends to 

increase the contribution on detection and protection related posts in online hacker forums. But 

this enforcement may discourage those contributors who had originally actively contributed to the 

protection discussions. Thus government regulations have to be cautiously justify the incentives of 

multiple parties in the cybersecurity context. 

 

Keywords: Information Security, Hacker Forum, Criminalization, Protection, Content 

Contribution 

 
1. Introduction 
Since October 21, 2016, the now-famous malware, Mirai, and its variations have supported 

massive distributed denial of service (DDOS) attacks. They have spread across different countries 

and caused large-scale Internet outages for millions of users. The confirmed incidents include 

attacks against the DNS service provider, Dyn, in the United States, as well as assaults  on various 

broadband service providers. They include: Deutsche Telekom in Germany; KCOM, Talk Talk 

and Post Office in the United Kingdom. The Mirai’s source code was first made publicly available 

since September 30, 2016 in the “Server Stress Testing” section of a famous online hacker forum 

-- Hackforums.net. In response to the public pressure, Hackforums.net determined to permanently 

shut down this section. 

This shutdown can be double-edged. While it makes it less convenient for people with 

mischievous intent to gain access to malicious code for launching attacks, it also makes it less 

possible for legitimate security professionals to obtain information they need to prevent attacks  

or to contain them in timely fashion. Of course, the participants in hacker forums are not just those 

looking for tools, codes and victims to attack. Many participants also contribute their knowledge 

and experience about technical countermeasures against cyber-attacks. The question is how 

banning discussions on malicious attack techniques would affect the contribution to protection 

discussion in online hacker forums? 

This question is not unique for hackforums.net. To tackle the ubiquitous cybersecurity 

threats, a few countries have enacted legislation to criminalize the production, distribution and 

possession of computer misuse tools. Table 1 provides a list of such countries. Consequently, 

online hacker forums with the provision and dissemination of malicious attack techniques, are 

subject to censorship. While broadening criminalization may reduce the provision and 

dissemination of malicious attack techniques, it may also push them to the underground. This 

makes it more difficult to be informed of and to detect cybersecurity threats and risks. Again, how 

would this affect the online communication of cybersecurity protection? 
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Table 1. Countries with legislation 

on the production/distribution/possession of computer misuse tools 

Country Law Enforcement date 

Germany Article 1 of the Law on Corruption, Acts 202c 26/11/2015 

Italy Penal Code, Art 615 18/03/2008 

New Zealand Crimes Amendment Act 2013 (2013 No27), Sub. 1 of 251 01/07/2013 

Qatar Cybercrime Law (No. 14 of 2014), Article 66 02/10/2014 

Russia Criminal Code, Act 273&138.1 30/12/2008 

Singapore the Computer Misuse and Cybersecurity Act, Article 10(1) 13/03/2013 

Sweden Criminal Code, Article 9b 01/07/2013 

Switzerland Criminal Code, Article 143bis 01/01/2012 

Germany Article 1 of the Law on Corruption, Acts 202c 26/11/2015 

Italy Penal Code, Art 615 18/03/2008 

New Zealand Crimes Amendment Act 2013 (2013 No27), Sub. 1 of 251 01/07/2013 

Qatar Cybercrime Law (No. 14 of 2014), Article 66 02/10/2014 

Russia Criminal Code, Act 273&138.1 30/12/2008 

Singapore the Computer Misuse and Cybersecurity Act, Article 10(1) 13/03/2013 

Sweden Criminal Code, Article 9b 01/07/2013 

Switzerland Criminal Code, Article 143bis 01/01/2012 
 

The answer to this question is not straightforward based on hackers’ moral ambiguity and 

the dual use of hacking techniques. First, the hacker community, as its very beginning, is 

considered “the heroes of the computer revolution” (Levy 2010). Over more than fifty years, it has 

evolved into a mixture of technique guru, internet adventurers, rule breakers and malicious 

criminals. Individuals who attempt to hack into computer systems and ruin the systems are referred 

to as black hat hackers; individuals who attempt to protect the computer systems are known as 

ethical hackers or white hat hackers. However the moral judgment about hackers is ambiguous. 

White hat hackers could simulate the attacks used by black hat hackers in order to test potential 

security risks and understand how to defend against them (Caldwell 2011). Black hat hackers can 

be recruited to develop security software or to provide IT security consultancy service (Auray and 

Kaminsky 2007). From the white hat hackers to the black hat hackers there exist in between the 

grey hat hackers who commit to security by hacking into political territories (Coleman 2014). An 

individual could even switch his/her role among the black/white/grey hat hackers. Second, the 

discussed hacking techniques could be used unexclusively for information security protection and 

breach (Zhang et al. 2015). For example, the port scanners and exploit tests are powerful 

instruments for network administrators to detect their information system vulnerabilities, and at 

the same time the detected vulnerabilities could be exploited by hackers to commit cyber-attacks. 

Thus banning discussions on malicious attack techniques in online forums could also discourage 

the participants who may sometimes play the role as the white or grey hat hackers or who attend 

the discussion with purpose of being alerted, informed and educated with the up-to-date hacking 

techniques. 

We investigate the research question in the context of the Chinese online hacker forums. 

China government enacted the Amendment VII of the PRC Criminal Law on On Feb 28, 2009. 

The amended Article 285 of Section 3 (we refer to Article 285) criminalizes the production, 

distribution and possession of computer misuse tools. It states that “Whosoever provides programs 

and tools specifically for the purpose of intruding into and illegally controlling computer 

information systems or provide others with programs and tools, knowing full well that those 

persons commit illegal and criminal acts of intruding into and controlling computer information 

systems, where the circumstances are grave, shall be punished for fixed-term imprisonment of 

between three to seven years.” According to Article 285, the discussion of malicious attack 
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techniques is subjected to enforcement. Following the enforcement of this amendment, forum 

administrators were required to remove posts containing hacking techniques; and to impose 

surveillance on user-generated contents. Among the Alexa’s top list ofwebsites  in 

the subcategory China/Computers/Hacking, we studied two forums, hackbase and 2cto.com, 

based on relevance and popularity. 

As expected, the number of posts on malicious attack techniques in both forums has 

significantly dropped since the enforcement of Article 285. At individual user level, we examine 

the change in the number of detection and protection related posts before and after the 

enforcement. Text mining and content classification techniques were applied in our data 

processing. After controlling the availability of vulnerabilities reported in the other most popular 

vulnerability forums and the possible substitute or complementary effects in the most popular 

software-decryption forum, we find that 

• The enforcement of Article 285 is positively associated with the number of detection 

and protection related posts published by individual authors. 

• This positive effect tends to decrease with the number of detection and protection 

related posts published by individual authors before the enforcement. 

• This positive effect tends to increase with the number of irrelevant posts published 

by individual authors before the enforcement. 

• This positive effect is unrelated with the number of malicious attack technique 

posts published by individual authors before the enforcement. 

The rationale is that while criminalization of the production, distribution and possession of 

computer misuse tools imposes risk to the discussion of malicious attack techniques in online 

hacker forums, it also reduces the incentive of contribution to discussion on detection and 

protection related topics. 

This paper is organized as following. In Section 2, we describe our classification method. 

Section 3 reports the empirical analysis and estimation results. Section 4 concludes the study  

with discussion about implication and limitation. 

2. Data Processing 
For the purpose of our research, we classify the intents of posts into three categories. The first is 

“malicious attack”, which means the post contains malicious attack intent, expressing a tendency 

to attack others; the second is “protection”, which is about measures of protecting personal or 

company (information, account) from being attacked by malicious hackers; the third is 

“irrelevant”, for those neither related to “malicious attack” nor to “protection”. Through a 

thorough study on hacker forum posts, we summarize the typical topics of each category in Table 

2. After defining the specific contents in each category, text classification is needed to label each 

post accordingly. 
Table 2. Content Classification and Examples 

Malicious attacks 

Typical Topics 

footprinting and reconnaissance, scanning networks, enumeration, system hacking, Trojans and back- doors, 

viruses and worms, sniffers, social engineering, denial of service, session hijacking, hacking web servers, hacking 

web applications, SQL injection, hacking wireless networks, evading IDS, IPS, firewalls, and honeypots, buffer 

overflow, and cryptography 

Post Examples 

Postid=52972, “Recently, I scanned out a ROOT blank command of a host MSSQL, how can I get the host’s 

administrator right” 

Postid=3045218, “Numerous ways to surf internet for free in internet bar”!!!!! 

Protection 
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Typical Topic 

How to defense from hackers’ attacks, including installation and setting of firewall, closing certain ports 

Post Examples 

Postid=2754943, “Help….My computer has been infected by virus.” 

Postid=3228449, “Share: How to protect IP from being stolen” 

Irrelevant 

Typical Topic 

Other contents that are not relevant to attack or defense. For example, basic computer operation, chatting, 

advertisement 

Post Examples 

Postid=26837, “How to run DOS under windows 2000 ” 

Postid=2808442, “Good news! Tencent is celebrating 6th anniversary now, 6 digit QQ number can be applied for 

free. Apply for it soon!” 
 

Since a leading post represents the topic of a whole thread, we constrained our samples to 

all of the leading posts in the two forums. Two human annotators18 independently labeled 18833 

leading posts out of the 140802 leading posts in hackbase and 5459 leading posts out of the 28317 

leading posts in 2cto.com. Their inter-rater agreement, using kappa statistics, is 0.778 for 

hackbase and 0.92 for 2cto.com, which suggests sufficient inter-rater reliability. We then use the 

labeled dataset as the training dataset and testing dataset. 

The next step is to preprocess these unstructured texts. Unlike English, Chinese does not 

have space between words. So we first need to segment each sentence into tokens via Rwordseg 

provided in R. Meanwhile, stop words, useless in this classification task, are removed. We then 

use N-grams to generate more features. To select features, we give higher weights on post title 

and use information gain to filter out less important features while reserving those that are more 

useful in discriminating posts (Hu et al, 2007; Koppel and Schler 2003). Then these feature sets 

are used to train Naive Bayes and SVM classifiers. Following classifier training, we use 10-fold 

cross validation to evaluate the performance of the classification. Finally, for each sub forum, 

classifiers with the best performance are applied to label the remaining posts. 

The classification is implemented by Rapidminer. For hackbase, the average precision, 

recall and F1-measure of three classes are 86.36%, 80.11% and 82.73% respectively; For 

2cto.com, the average precision, recall and F1-measure of three classes are 77.83%, 71.23% and 

74.24% respectively. Since no previous study has classified the intents of posts in hacker forums, 

no existing benchmark could be applied. Referring to a recent study which identified users’ 

intents in online health forum using word vector and SVM in text classification (Zhang et al. 

2014), their average precision, recall and F1-measure of all classes are 49.77%, 48.44% and 48.78% 

respectively. 
3. Data Analysis 
We compile the two forum datasets into a panel data with 122116 unique authors covering 132 

months during 2004 and 2014. We only include authors who joined the forums before  

28/02/2009 and further trim down the dataset to include balanced observations before and after 

the enforcement. We estimate the panel data using fixed-effect log-form models with clustered 

sandwich estimator and including Jan-Dec monthly time effects. We do not have the forum 

participants’ private information.   

                                                 
8 Both of them including one postgraduate and one senior undergraduate, are majored in information systems, and have received 

more than six-month training on the domain knowledge of information security and hacker communities before working on 

labeling. 
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So we infer their intrinsic interests from their historical posts in the forums before the 

enforcement and classify the users into three groups: authors only having malicious attack posts 

(10%); authors only having protection posts (3%); authors only having irrelevant posts(52%); 

authors having posts in multiple categories (35%). 

We observed an increasing access rate to online forums focused on vulnerability 

disclosure and software decryption. Given the enforcement against sharing malicious attack 

information, the white hat hackers and grey hat hackers may be attracted to discussions on 

vulnerabilities and on software decryption, both of which are not criminalized but are aligned 

with the interest and spirit of hacking. To account for the impacts of other online forums on users’ 

participation and contribution to our studied forums, we collected the data from the three most 

popular Chinese online forums on vulnerability disclosure and the most popular Chinese online 

forums on software decryption. The selection is based on the consideration of the Alexa’s traffic 

ranking and the extent of media exposure. 

Table 3, column (1) reports the estimation results on the whole samples. First the number 

of active users on vulnerability forums and decryption forum have positive and significant 

correlations with the number of protection posts published by individual authors, which shows 

a complementary rather than substitution relationship is dominant among various online forums 

about computers. The number of protection posts is also positively associated with the number 

of disclosed vulnerabilities, suggesting a positive correlation between security awareness and 

the availability of potential threats. More importantly, the enforcement of Article 285 has a 

positive and significant impact on the number of protection posts, which shows that the 

enforcement did encourage the contribution on protection discussion. Further this effect was 

stronger for the authors who had not published any post on malicious attack or protection issues, 

but weaker and even negative for the authors who had only published protection related posts 

before the enforcement. This effect is indifferent among authors who had published more 

malicious attack related posts before the enforcement. We apply the same model to subsamples 

including authors who had only published one category of posts before the enforcement (column 

(2)) and authors who had only published multiple-categories of posts. The main effect seems 

much stronger for authors with mixed interest in the past. In general, our results suggest that 

authors with malicious attack interest are not easy to convert to discussion about protection 

issues. Authors with protection interest could be discouraged from banning the discussion on 

malicious attacks. Other tech-savvy authors can be converted into the discussion on protection 

issues. 

Table 3. EstimationResults 
 

DV: the number of 

detection and protection 

posts published by 

individual authors 

 

 

Variables 

(1) (2) (3) 

 
All authors 

Authors only having attack 

/protection/irrelevant posts 

before 28/02/2009 

Authors with 

mixed posts 

before 

28/02/2009 

Main Enforcement effect Enforcement indicator 0.001858*** 0.000426*** 0.004847*** 

Moderating effect from 

author’s number of posts 

on protection topics 

Enforcement × monthly 

average protection posts by 

the author before enforcement 

 
-0.125490*** 

 
-0.071407*** 

 
-0.129956*** 

Moderating effect from 

author’s number of posts 

on attack 

Enforcement × monthly 

average attack posts by the 

author before enforcement 

 

-0.006694 
 

0.000577* 
 

-0.010637 

Moderating effect from 

author’s number of posts 

on irrelevant topics 

Enforcement × monthly 

average irrelevant posts by 

the author before enforcement 

 

0.004523*** 
 

0.001312*** 
 

0.006120*** 
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Author’s age in the forum 
months since the author 

joined or first posted in the 

forum 

 

-0.002881*** 
 

-0.000960*** 
 

-0.006700*** 

Availability of 

vulnerabilities reported in 

the most popular 

vulnerability forums 

Avg. no of active users on 

vulnerability topics in a 

month 

 

0.000134*** 
 

0.000049*** 
 

0.000283*** 

total monthly vulnerabilities 0.000059*** 0.000013*** 0.000142*** 

Substitute/complementary 

effects in the most 

popular decryption forum 

Avg. no. of active users on 

decryption forum in a month 
0.000265*** 0.000113*** 0.000664*** 

Total monthly no. of posts in 

decryption forum 
0.000023 0.000007 -0.000009 

Jan-Dec monthly time 

effects 
Yes Yes Yes Yes 

User fixed effects Yes Yes Yes Yes 

Observations 8,365,047 5,572,042 2,793,005 

Number of authors 122,116 79,414 42,702 

Robust standard errors clustered by user. *** p<0.01, ** p<0.05, * p<0.1. 

 

4. Conclusion 
The preliminary analysis conducted in this study shows that the enforcement against the 

production / distribution / possession of computer misuse tools tends to increase the 

contribution on detection and protection related posts in online hacker forums. But the dark 

side of this legislation policy is that it discourages the contribution of those authors who had 

originally actively contributed to the protection discussions. As much less discussion on 

malicious attack techniques were found in the online hacker forums, it may reduce the 

awareness of forum users on the potential cybersecurity risks and correspondingly their 

perceived value from protection related posts decreases. At the same time, since legitimate 

security professionals are not able to be informed with the up-to-date hacking techniques, it is 

more difficult for them to generate and share technical counter measures with the other forum 

users. This is not expected when people strongly propose more severe and broader 

enforcement against cybercrimes. As a result, although government regulation would be very 

effective to tackle cybersecurity threats, the justification of multiple parties’ incentives is 

crucial to achieve the expected outcome. 

As the next stage of this research, we will refine the text classification by applying 

deep learning and supplement necessary identification strategies to strengthen our results. 
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Abstract 
 

In the past few years, we have seen an explosion of projects launched on crowdfunding platforms, 

many with similar designs, concepts, and features. How do these past projects provide information 

to potential project initiators who wish to launch projects and be successfully funded? While a 

project initiator can adopt a differentiation strategy by launching a project that differs significantly 

from existing projects, s/he can also take advantage of the rich projects launched in the past by 

offering projects with similar concepts, designs, and features that the crowdfunders are familiar with. 

Using data collected from Kickstarter, we test whether being similar/dissimilar to past projects 

would help or hurt project funding success. Our findings support the differentiation strategy. 

Furthermore, we find that the relationship between dissimilarity and funding success follows an 

inverted U-shape such that a project that is drastically different from past projects is less likely to 

get funded.  

 

Keywords: Crowdfunding, Similarity, Text Analysis 

 

 

1. Introduction 

Reward-based crowdfunding has increasing become an important funding source for creative 

projects (Mollick 2014). In the past few years, we have seen an explosion of projects launched on 

reward-based crowdfunding platforms. Kickstarter, one of America’s most popular crowdfunding 

platforms for creative projects, has recorded more than 300,000 projects across a wide range of 

project categories. Such wealth of past projects has made it a valuable information source for a 

potential project initiator who wishes to launch projects on the platform.  

 

A closer inspection on the projects shows an interesting pattern: that there are many similar projects 

in terms of concepts and designs. For example, simply searching the term “3D printing” on 

Kickstarter would find 1,089 projects related to “3D printing”. A natural question is, how do these 

past projects provide information to potential project initiators who wish to launch projects and be 

successfully funded? What is the relationship between these similar projects and how is being 

similar/dissimilar to previous projects affects funding success?  

 

There are two basic strategies a potential project initiator can adopt. First, a potential project initiator 

can adopt a differentiation strategy, by launching projects that are different from existing projects. 

From the product design’s perspective, an innovative product that differs from existing products can 

outsell other products and enjoy competitive advantage by setting up entry barriers from 

technological leadership, preemptive positioning, and high switching costs (Bowman and Gatignon 

1996; Carpenter and Nakamoto 1989). Hence, an innovative project that differs substantially from 
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existing projects would be more attractive to crowdfunders, who are likely to be concerned about the 

future prospect of the project.  

 

Second, the project initiator can take advantage of the rich information about projects launched in 

the past and offer projects with similar concepts, designs, and features that the crowdfunders are 

familiar with, a strategy we call the familiarity strategy. The creativity literature has highlighted that, 

in addition to novelty, a certain degree of similarity to previous ideas is also important for the success 

of a creative idea (Uzzi et al. 2013), as that would make it easier for the idea to be communicated 

and accepted in the institutional setting (Hargadon and Douglas 2001). Furthermore, being a pioneer 

by adopting the differentiation strategy does not necessarily lead to advantages (Robinson and Min 

2002). Developing a new idea or product usually requires substantial resources devoted to R&D and 

market research. Pioneers also face the greatest technological and market uncertainties (Robinson 

and Min 2002). Hence, the project initiator can adopt the familiarity strategy by leveraging existing 

projects launched on the platform and learning from their designs and subsequently offering 

improved products to overtake the pioneer (Zhou 2006). In addition, the popularity of some projects 

also demonstrates the market potential of the concept. For example, a significant number of projects 

related to the concept of “3D printing” might signal that other project initiators believe that “3D 

printing” is the “next big thing”. Hence launching projects similar to the existing projects will be 

more likely to attract potential crowdfunders (Shepherd 1999) and might be more likely to be 

successful. We first review the relevant literature in the next section. 

 

2. Literature 

Our study is related to two sets of literature. First, the product design literature specifically discusses 

the differentiation (innovation) versus familiarity (imitation) strategies from the project initiator’s 

perspective (Zhou 2006). Differentiating from existing products offers several benefits. For example, 

it allows the project initiator to have higher market shares than later entrants (Urban et al. 1986). A 

new product can also enjoy competitive advantage by setting up entry barriers such as technological 

leadership, preemption of scarce resources, and buyer switching costs (Kerin et al. 1992). From the 

behavioral perspective, being the first in the market can also shape consumers’ understanding of a 

new concept in favor of the new product (Kerin et al. 1992; Zhou 2006). As the consumers know 

little about the product attributes and their ideal combination, a new product in the market can 

influence the consumer’s ideal combination of attributes and become the “standard” of the product 

category (Carpenter and Nakamoto 1989). Projects launched on the crowdfunding platform are 

usually at an early stage. Potential crowdfunders are also concerned about the future prospect of the 

crowdfunding project. Hence, a project that is more likely to be successful in the market will be more 

attractive to potential crowdfunders. On the other hand, being a pioneer also carries several costs. 

The pioneer has to spend resources on R&D and market research. It may also make mistakes when 

there is limited information about product development. Lastly, it also has to bear the risks if the 

product fails eventually (Schnaars 1994). Therefore, an imitation strategy might be a wise choice, as 

it allows an imitator “exploit the innovator's efforts in developing the products and markets and then 

overtake it with their improved products” (Zhou 2006, pp. 394). A project initiator can make use of 

the rich past projects’ information and carefully conceptualize their product and offer an improved 

version that is more attractive to potential crowdfunders, who are familiar with similar concepts and 

are likely to believe that it will be more likely to survive in the future (Shepherd 1999).  

 

The second set of literature is the creativity literature. Although the creativity literature often 

highlights novelty as an essential feature of creative ideas, it also maintains that a balance between 
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novelty and familiarity is the key to the success of an idea (Uzzi et al. 2013), for two reasons. First, 

from a cognitive perspective, creative ideas are built by disassembling existing ideas into existing 

knowledge structures and subsequently forming new associations among them (Finke et al. 1992). 

As highlighted by Uzzi et al. (2013, pp 468), “building blocks of new ideas are often embodied in 

existing knowledge”. In fact, Schumpeter (1934) defines innovation as the process of “carrying out 

new combinations” from existing ideas (pp. 65). Hence, new ideas will resemble existing ideas to 

some extent because they are built on existing ideas. Second, novel ideas may also face resistance 

in the current institutional setting. Therefore, a certain degree of resemblance to existing ideas can 

help the idea gain acceptance from the audience (Hargadon and Douglas 2001). Applying to the 

crowdfunding context, launching projects that are similar to existing projects would be less likely 

to run the risk of introducing an innovation that is too radical and fails to “register” (Hargadon and 

Douglas 2001).  

Taken together, it appears that whether the differentiation or the familiarity strategy is beneficial or 

harmful to project funding success remains an empirical question. In the next part, we describe our 

data and empirical design to measure project similarity/dissimilarity. We then report our 

preliminary findings that provide support for the first strategy. 

3. Data 

Our data comprised all technology projects launched on Kickstarter from September 2009 to 

December 2014. To facilitate comparison, we chose to focused on US projects. We leveraged the 

rich textual project description shown on the project campaign page to compare projects. As 

mentioned previously, the campaign page is the primary channel where the project initiator(s) convey 

the project’s concepts and designs to potential crowdfunders. The differences between projects can 

be largely captured by comparing the project description between two projects. We further excluded 

projects whose description was extremely long or extremely short. A tabulation of the length of the 

project description showed that 98% of the projects had a description of between 400 and 20,000 

characters. We then dropped projects whose description was less than 400 characters and projects 

whose description was more than 20,000 characters. In total, 6642 projects were used in this study. 

As we were comparing a project to the projects launched prior to it, we further focused on projects 

launched after June 2010 so that there were a sufficient number of projects for each project to 

compare against. That left us with 6522 projects. 

 

3.1 Dependent Variable 

Our focus was the project’s funding success (i.e. if the project reached its funding goal). The binary 

variable, Success, indicated if the project was funded (coded as 1) or not (coded as 0).  

 

3.2 Project Similarity 

Our key independent variable was the project similarity (dissimilarity) measure. The measure was 

based on Topic Analysis. We used a topic analysis technique called Latent Dirichlet Allocation (LDA) 

to generate a set of topics and assign each project a topic vector in the topic space (Blei et al. 2003). 

LDA is widely used in information retrieval and machine learning. It is a generative model that 

extracts topics from a set of documents (Steyvers and Griffiths 2007). Each topic is represented by a 

distribution over words. Each document is assigned to a set of topic loadings (or called topic vector) 

that represents the document in the topic space. LDA has been successfully applied by IS researchers 

in several studies (e.g. Wu 2013). We applied LDA to the entire corpus comprising the textual 

description of all the 6642 projects to generate 100 topics and assigned each project a topic vector 
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representing the project in the topic space. We then compared each project to all the projects ended 

30 days before the focal project was launched using their topic vectors. The dissimilarity measure of 

the focal project 𝑖 was calculated as the average of the cosine distances between the topic vector of 

project 𝑖 and the topic vector of each of the projects ended 30 days before the launch of the focal 

project 𝑖: 

𝐷𝑖𝑠30𝑖 =
∑ (1 − 𝐶𝑜𝑠(𝑑𝑖, 𝑑𝑗))
𝑁𝑖
𝑗=1

𝑁𝑖
 

where 𝑑𝑖  is the topic vector of the focal project 𝑖 , and 𝑑𝑗  is the topic vector of each the 𝑁𝑖 

projects ended 30 days before the launch of 𝑖. 𝐷𝑖𝑠30𝑖  measured the average difference of the 

project compared to recent projects ended within 30 days prior the the focal project. To investigate 

the potential curve linear relationship between project dissimilarity and funding success, we also 

included the squared term in the model.  

 

3.3 Controls  

Following past research, we controlled for several project attributes that have been found to be 

associated with project funding success (Mollick 2014). Ln Goal was the natural logarithm of the 

funding target of the project. Duration was the number of days for which a project campaign 

accepted funding. First Project was a dummy variable indicating if the project was the first project 

launched by the project initiator. Video was a dummy variable indicating if the project produced a 

video on the campaign page. Ln Num Categories was the natural logarithm of the number of different 

rewards the project offered to the crowdfunders. We also controlled for additional information 

embedded in the textual description of the campaign page, including number of videos (Ln Num 

Videos), number of images (Ln Num Images), and number of links to external websites (Ln Num 

URLs).  

 

3.4 Model 

We used a standard logistic model for investigating how project dissimilarity from previous projects 

affected funding success. The model is written as: 

𝑃𝑟𝑜𝑏(𝑆𝑢𝑐𝑐𝑒𝑠𝑠𝑖 = 1) = 𝑙𝑜𝑔𝑖𝑡(∑𝛼𝑘𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑘

𝑁

𝑘=1

+ 𝛽1𝐷𝑖𝑠30𝑖 + 𝛽2𝐷𝑖𝑠30𝑖
2) 

where 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑘 represents N control variables and 𝛼𝑘 is the associated coefficient. 

 

4. Results 

The results are shown in Table 1. Model 1 includes all the control variables. The regression results 

for the control variables are consistent with prior studies. Having a larger project goal is associated 

with lower probability of being funded. Featuring a video also increases the probability of being 

funded. In addition, projects with more types of rewards, more videos, more images, and more 

external links are more likely to be funded.  

Model 2 includes the main effect. The positive and significant coefficient of Dis30 (𝛽 = 3.0727, 𝑝 <
0.001) suggests that a project that differs from past recent projects is more likely to be funded. This 

provides support for the differentiation strategy. We also included the squared term Dis30* Dis30 to 

control for the potential quadratic relationship between the differentiation vs. familiarity strategies 

and project funding success. As shown in Model 3, the coefficient of the first order term is positive 

and significant (𝛽 = 36.6307, 𝑝 < 0.001) and the coefficient of the second order term is negative 

and significant (𝛽 = −21.6699, 𝑝 < 0.001 ), suggesting a curvilinear relationship. We further 
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graphed the relationship with control variables set to their means. As shown in Figure 1, the positive 

impact of dissimilarity starts to diminish after reaching 0.85. Taken together, this suggests that the 

relationship between the differentiation strategy and project funding success follows an inverted U-

shape such that the positive impact of being different from existing projects starts to decrease after a 

certain point.  

Table 1 Regression Results 
No. of Obs: 6,522 Model 1 Model 2 Model 3 

Intercept 1.1297*** -1.2602** -14.1143*** 

 (0.2350) (0.4838) (4.0847) 

Ln Goal  -0.6948*** -0.6899*** -0.6935*** 

 (0.0269) (0.0269) (0.0270) 

Duration -0.0033 -0.0034 -0.0032 

 (0.0031) (0.0031) (0.0031) 

First Project -0.1409. -0.0686 -0.0844 

 (0.0756) (0.0769) (0.0770) 

Video 1.0237*** 1.0056*** 0.9940*** 

 (0.1146) (0.1149) (0.1149) 

Ln Num Categories 1.1242*** 1.1043*** 1.1055*** 

 (0.0829) (0.0832) (0.0833) 

Ln Num Videos 0.3010*** 0.2904*** 0.2851*** 

 (0.0541) (0.0541) (0.0541) 

Ln Num Images 0.4772*** 0.4743*** 0.4702*** 

 (0.0334) (0.0335) (0.0335) 

Ln Num URLs 0.5645*** 0.5601*** 0.5577*** 

 (0.0361) (0.0362) (0.0362) 

Dis30  3.0727*** 36.6307*** 
  (0.5443) (10.5887) 

Dis30 × Dis30   -21.6699** 
   (6.8206) 

AIC 5761.1097 5730.9459 5722.5425 

Notes: Coefficient and standard deviation (in parentheses) presented. 
Significance codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 

 
Figure 1 

5. Conclusion and Future Directions 

While both the differentiation and familiarity strategies can find their support in the literature, our 

empirical investigation provides some support for the differentiation strategy. We find an inverted 

U-shape relationship between project dissimilarity to previous projects and funding, consistent with 

prior findings that a certain degree of familiarity is also necessary to the success of a creative idea. 

(Hargadon and Douglas 2001). In future studies, we plan to substantiate this paper by exploring 

several contingencies and provide more robustness checks of our results.  
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Abstract 
 

This research-in-progress proposes to examine the effects of routine change and social network 

structure on the performance of free and libre open-source software (OSS) projects. We propose to 

explore the moderation effect of network density on the relationship between routine change and 

project performance. A data analytics-based approach will be applied to development process data 

of 256 OSS projects to empirically test the model. Sequence mining techniques such as motif analysis, 

and hidden Markov models, and social network analysis is applied. Expected theoretical and 

managerial contribution will be discussed.  

 

Keywords: Open Source Software, Sequence Mining, Routine Change, Big Data, Social Network 

Analysis, Open Innovation 

 

1. Introduction 
The relationship between routine change and organizational performance has been widely discussed 

in organizational literature (Klarner et al. 2012; Levitt et al. 1988) and information systems literature 

(Gaskin et al. 2014; Gaskin et al. 2011). Free/Libre Open Source Software (OSS) is a harbinger of 

future forms of organizing (Puranam et al. 2014). The open and dynamic heuristics that guide OSS 

development are spreading to other areas such as crowdsourcing and open innovation. Insights on 

how OSS developers coordinate through changing routines and the underlying social structure to 

execute complex tasks, have important implications for areas such as open innovation. Routines are 

used by OSS developers for their task coordination (Lindberg et al. 2016). From the perspective of 

Information Processing View (IPV), the ever-changing structure of routines is likely to increase the 

cost of information processing, making the learning costly and risky (Galbraith 1974; Marino et al. 

2015). On the other hand, social coding in OSS communities provides the potential to improve 

learning and collocation in complex knowledge-based activities (Dabbish et al. 2012). There is a lack 

of research that empirically investigates this interplay between routine structure and social structure 

in open source communities. We aim to fill this gap by addressing the following two research 

questions:  

(1) What is the impact of routine change on OSS project performance?  

(2) What is the role of network density on the relationship between routine change and project 

performance? 

We propose a model of the relationship between routine change and project performance, along with 

the interplay between routine change and social structure of OSS teams. We use sequencing mining 

techniques to extract routines from 256 projects from GitHub.com, and propose to empirically test 

this model. The expected findings of this study will contribute to routine literature, as well as social 

network literature in OSS.  
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2. Theoretical Background 
2.1. Term Definitions 

We define OSS routines as a sequence of OSS activities, which are patterns of behavior executed by 

participants to perform a design or development task (Gaskin et al. 2011; Lindberg et al. 2016). 

Similar to Feldman et al. (2003), we define routine change. Routine change magnitude is defined as 

the average magnitude of change on routine configurations/patterns over time. Routine change 

frequency is defined as frequency of significant changes in varied sequences of routines. 

 

2.2. Routine Change 

Routines have been the subject of discussions on organizational stability and change. Pentland et al. 

suggests that routine changes are changes in “patterns of action” (Pentland et al. 2011,p.1371). 

Researchers hold different views on whether routines contribute to organizational stability and 

change. Some researchers conceptualize routine as stable, repetitive, standard operating procedures 

that do not change (March et al. 1958). Others hold a “routine as change” perspective, viewing 

routines as “continuously changing entities”(Geiger et al. 2014. page 171). Changes of routines have 

been empirically studied. Feldman found that routines change for different reasons as responses to 

problems. This view is consistent with Levitt and March’s theory that routines change in response to 

evaluation of outcomes.  

 

2.3. SNA in Open OSS 

Social network analysis (SNA) investigates patterns of relationships and interactions between social 

actors in order to discover the underlying social structure (Wasserman et al. 1994). Social structure 

is an important aspect of OSS practice (Crowston et al. 2005). Raymond (1999) introduced the 

concept of “Linus Law” and suggested that OSS development leads to decentralized communication 

structure. Cox (1998) argued against the “kill-file” action and advocated more decentralized 

communication structure. Mockus et al. (2002) found that centralization patters differ among 

different development activities. While early work on OSS social network has mostly attempted to 

describe the network properties, more recent studies start to empirically test how social network 

characteristics affect project outcomes. Grewal et al. (2006) found that network embeddedness and 

project manager embeddedness are related to success rate of OSS projects. Hahn et al. (2008) 

examined the relationship between prior collaborative ties among developers and the developer 

joining behavior and reported that a developer is more likely to join a project when he or she had 

strong collaborative ties with the project’s initiator. Wu et al. reported a positive relationship between 

group centrality and the development activities in OSS projects (2007). Hossain et al. (2009) 

observed a positive effect of centrality on OSS team performance. Singh et al. (2008a) used several 

measures to quantify a OSS team’s internal cohesion and found a positive relationship between 

internal cohesion and OSS project success. Méndez-Durón et al. (2009) focused on direction of 

knowledge sharing, inquiring how different direction of ties through other projects contribute to the 

focal OSS project’s success. They found that reception of knowledge (measured by inbound ties) is 

more favorable than provision of knowledge (measured by outbound ties) for project success. 

 

3. Research Model and Hypotheses   
The research model captures the relationship between routine change and OSS project performance, 

and the role of social network structure. The unit of analysis is at the project level.   
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3.1. Research Hypotheses 

3.1.1. Relationship between Routine Change and Project Performance 

A project with a high level of temporal change, requires a substantial effort for participants to learn 

and adapt (Conboy 2009). When routine change increases in magnitude and frequency, the cost of 

information is likely to increase, making the learning costly and risky (Galbraith 1974; Marino et al. 

2015). Dramatic changes in routines increases the design difficulty, and thus hinders participation 

(Cant et al. 1995; Robbins et al. 1996). Additionally, a high level of change indicates lack of control. 

Such projects will lose the capability of attracting participants and their sustained commitment. We 

therefore propose the following:  

H1a: Routine change magnitude is negatively associated with project performance.  

H1b: Routine change frequency is negatively associated with project performance. 

 

3.1.2. The Moderation Role of Network Density 

Network density is a group level social network metrics, which measures the overall connectedness 

of a network (Scott 2012). It is defined as the percentage of ties that exist in a network out of all 

possible ties (Wu et al. 2007). As discussed in the previous section, routine changes are likely to have 

a negative impact on project performance.  Studies have argued that density indicates a group’ 

readiness to respond to changes (Daly et al. 2010; Wu et al. 2007). With a higher network density, a 

group has a higher ability to move resource around(Scott 2012), and to ensure the appropriate flow 

of information (Hatala et al. 2009). With a higher level of information flow and knowledge sharing, 

a project can better cope with the increased cost of information processing that introduced by routine 

changes, thus alleviating the negative impact of routine change on project performance. Therefore, 

we reason that network density moderates the negative relationship between routine change and OSS 

project performance: 

 

H2a: Network density moderates the relationship between routine change magnitude and project 

performance such that when network density increases, the negative effect of routine change 

magnitude diminishes.  

H2b: Network density moderates the relationship between routine change frequency and project 

performance such that when network density increases, the negative effect of routine change 

frequency diminishes.  

 

4. Method 
4.1. Data Collection 

A web crawler collected digital trace data from GitHub.com, an open-source code repository. 

Number of stars and number of forks, are proxies for project attractiveness. Random samples of 

projects were selected from groups with different ranges of forks and stars. In total, we obtained 

development activity data across seven years (2008 to 2015) from 256 OSS projects. 

 

4.2. Routine Elicitation  

Each project is represented as a sequence of development activities. Routines were extracted from 

the activity sequences. We only focused on three types of routines: issue handling routines, pull-

request handling routines, and reopen routines. For example, a typical issue handling routine begins 

with an IssueEvent followed by events that reference to the issue. A sequence of activities (such as 

IssueEvent, Comment, and Commit) that were performed to solve the same issue were considered as 
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one routine instance and thus extracted from the sequence of activities of a project. We extracted 

routine instances of these three types from the 256 projects.  

 

4.3. Constructs and Measurements  

We constructed a dataset to test the model. Table 1 presents the constructs in the model.  

Table 1. Constructs and Measurements 

Construct Measurement Item Definition 

Routine Change 

Magnitude 

HMM difference 

 

Magnitude of changes in varied sequences of 

routines between time windows 

Routine Change 

Frequency 

Frequency of high ΔHMM*  Frequency of changes in varied sequences of 

routines between time windows 

Network Density 

Percentage of direct ties that 

exist in a network out of all 

possible ties 

Overall connectedness of a network 

Project Attractiveness Fork and star rate Number of forks (and stars) a project gets per day 

Sustained Participation Member retention Average time a member spent active in the project 

*High ΔHMM is defined as 25 percentiles of all ΔHMM 

 

We use average Hidden Markov Model (HMM) difference, to measures the degree of routine change 

in a project. A Hidden Markov model is a commonly used probability model for anomaly detection 

(Rabiner 1989). Each project is divided into data windows. For each window, an HMM (λi) is created 

representing the sequence of activities in the design routines. Given two HMMs in sequence, λ1 and 

λ2, Kullback-Leibler divergence was computed (Kullback 1997) to quantify the change. Their 

average is used to measure the magnitude of routine change. High ΔHMM frequency is used to 

capture the frequency of significant routine changes in each project. Each project is represented as a 

sequence of ΔHMM. The top-25 percentile of all ΔHMM across all projects are labeled as high 

ΔHMM. We count the number of time windows with high ΔHMM for each project, and divide it by 

number of total time windows of the project, to obtain the frequency of high-level changes for each 

project. To measure the network density of OSS projects, we use the percentage of direct ties that 

exist in the team out of all possible ties.  

 

We use fork rate and star rate (daily numbers of forks and stars), to measure the project attractiveness. 

Forks show the popularity of a project, or how useful it is perceived by developers (Dabbish et al. 

2012). Users create a star to show appreciation to the maintainers. The average time members spent 

active on the project is used to measure a project’s ability to retain participation.  

 

A set of control variables are included in the model, to account for project heterogeneity, including 

project age, average number of actors per routine, and programming language.  

 

4.4. Data Analysis 

We will apply OLS regression to test the relationships present in the proposed model. Diagnostic 

checks will be performed to ensure the standard assumptions (i.e., normality and multicollinearity 

among independent variables) are not violated.  
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5. Expected Contribution  
This study proposes a model that captures the relationship between routine change and OSS project 

performance, as well as the moderation effect of network density on this relationship. The findings 

of this project will contribute to two groups of literature. First, it extends the current understanding 

of routine characteristics in OSS projects, and the role of routine change in project performance. 

Secondly, it adds to the existing literature that investigate the role of social network structure in OSS 

project performance (Hossain et al. 2009; Méndez-Durón et al. 2009; Singh et al. 2008b; Wu et al. 

2007). For OSS practitioners, a better understanding on how routine change and network density 

interactively affect a project’s performance, provides guidance on both development processes 

management and team management, to attract and sustain developer participation.  
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Abstract 
Prosocial crowdfunding helps the underprivileged to obtain funding from multitudinous funders 

through the Internet. As there is no monetary return for funders, platforms often introduce 

motivational mechanisms to encourage contributions. The study investigates how being part of a 

team motivates member contribution in the context that teams are rivals. It is possible that a rivalry 

relationship may engage teams to compete directly against rivals by lending to the same project. 

It is also possible that rival teams are reluctant to be cooperative and thus choose to avoid helping 

same projects. Using data from a crowdfunding platform, our initial findings suggest the latter 

possibility that rival teams avoid each other to fund same projects. It appears that competition-

based team mechanism has certain negative impact. We discuss the implications of our findings 

for crowdfunding and competition-based motivation mechanisms in general. 

Keywords: Prosocial Lending, Crowdfunding, Team Rivalry, Lending Behavior 

 

1. Introduction 
Crowdfunding has become an emerging way to raise fund for projects or population that may not 

profitable enough for traditional financial institutions, e.g. small businesses, social projects, or the 

poor. Through Internet platforms, borrowers can reach out to a large pool of potential funders 

worldwide. Different platforms may focus on different kinds of projects and provide funders 

different return (Burtch et al. 2014; Lin and Viswanathan 2015). For example, reward-based 

platforms may provide products as return while lending-based platforms may offer interest as 

return. In particular, some prosocial crowdfunding platforms provide free fund (pure donation or 

interest-free loans) to low-income people to raise fund for their self-development projects (World 

Bank 2013). 

Without the monetary incentives, funders on prosocial crowdfunding platforms are more likely to 

be motivated with ideals and altruism (Burtch et al. 2013). It is thus imperative for platforms to 

keep funders motivated to sustain contribution. Platforms often devise reputation-based 

mechanisms to engage participants to compete for recognition, such as scores, rankings, or badges 

based on their own contribution. Some platforms introduce teams and reputation is recognized at 

the team level based on aggregated team member contribution. For example, Kiva.org, the largest 

prosocial crowdfunding platform, allows funders to build self-organized teams in accordance with 

their own interests, beliefs, geographic location, religion, and so on. Such teams can sometimes be 

rivals. For instance, team “Kiva Christian” that supports conservative Christian values often goes 

up against team “LGBT Kivans & Friends” that stands for LGBT rights. 

Team rivalry may affect member funders’ lending behavior. On one hand, the rival relationship 

may enhance team members’ competitive intention and motivate them to contribute to loans 

(Kilduff et al. 2010). On the other hand, rivalry may also lead to reluctance to cooperate (Kogut 

1989; Evald and Bager 2008). A team may potentially avoid a project that receives contributions 

from its rival team, even if the project is contribution worthy. While the literature has examined 

how team membership motivates contribution in a positive way (Chen et al. 2015), little has been 

done to examine the impact of team rivalry on member contribution. 
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In this study, we intend to examine how team rivalry affects funders’ lending behavior. Specifically, 

in current research-in-progress study, we investigate the relationship between team rivalry and 

team members’ choice of projects in the context of prosocial crowdfunding using data collected 

from Kiva.org. Our preliminary results suggest that the probability of team members funding a 

project decreases when a rival team has funded the same project. The results imply that funders on 

rival teams tend to avoid appearing cooperative. 

Our study tends to make the following contributions. First, to our best knowledge, our study is 

among the earliest to investigate the impact of rivalry relationship on member contribution in the 

context of crowdfunding. The extant literature focuses more on the impact of positive relationships, 

such as family or friends (e.g. Agrawal et al. 2015; Zheng et al. 2014; Mollick 2014; Burtch et al. 

2013, Lin et al. 2013, Liu et al. 2015). For example, Lin et al. (2013) found that friends of a 

borrower can serve as a signal of credit quality for peer-to-peer lending. Borrowers with friends 

are more likely to get funded with a lower interest rate and they default less. Liu et al. (2015) 

differentiated the signaling mechanisms of friendship as pipe, prism, and herding. Closer friends 

of borrowers are more likely to help (pipe), endorsement of friends may dilute a third party’s 

lending (prism), and funders are likely to follow their friends (herding). By examining the impact 

of rivalry relationship, we add to the literature on the role of social relationships in crowdfunding. 

Second, our study may shed light on the implications of team as a mechanism to motivate people to 

contribute. The literature confirms that team membership may create a sense of competition and 

thus motivate members to contribute (e.g. Chen et al. 2015). Our findings demonstrate that rivalry-

based competition may cause inefficiencies in funding choices. Platforms may need to be cautious 

in using team mechanism as motivational mechanism. 

The rest of the paper is organized as follows. In Section 2, we introduce the research context, 

followed by theoretical discussion and hypotheses. Section 4 presents the empirical analysis and 

results. We conclude the paper with a discussion of implications and future extensions. 

2. Research Context 
We use the largest prosocial crowdfunding platform, Kiva.org as our research context. Since 2005, 

Kiva has served more than 2.2 million borrowers from 80 countries. More than 1.6 million funders 

on Kiva provide interest-free loans for poverty alleviation projects. Instead of recognizing 

individual contributions, Kiva encourages members to organize teams and the teams will be 

accredited based on member contribution. Funders can form self-organized teams based on any 

attribute, such as location, religion, or university. Rival relationships between teams may be 

triggered if they advocate opposing beliefs or identities, such as rival universities, competing 

companies, or contrary beliefs. Team rivalry arises according to what teams identify with: nations 

that compete historically, such as England and France; universities that compete for students, job 

markets, or in sports, such as Harvard and MIT; and ideological groups that hold contrasting views, 

such as conservative Christians and LGBT groups. Thus on Kiva, there are rival teams such as 

“Kiva Christian” vs. “LGBT Kivans & Friends,” or “Team Canada,” vs “Team Australia”. 

Teams may compete for recognition or visibility. Any funder can join teams they are interested in 

and attribute their contribution to any of their teams. Kiva ranks teams in terms of loan amount and 

the number of new members and publishes overall and monthly rankings. For example, the two 

teams always appear together for the top two positions on the leaderboard are “Kiva Lending Team: 

(A+) Atheists, Agnostics, Skeptics, Freethinkers, Secular Humanists and the Non-Religious” and 

“Kiva Christians.” The rivalry between the two teams seems salient. 

Each loan’s homepage shows contributions to each loan, with the list of funders and the team to 

which each funder attributes her contribution. We are interested in determining how a member 

would behave when she observes a rival team contributes to a project. Would she compete against 
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the rival by funding the same project, or show no intention of cooperating by avoiding the project? 

Next, we develop our theoretical arguments to answer the question. 

3. Theoretical Background 
How rivalry affects competition or cooperation has long been discussed in the literature. Some 

researchers confirmed that rivalry can motivate people to compete for better performance (e.g., 

Erev et al. 1993; Young et al. 1996; Brown et al. 1998). Others, however, found that rivalry-

induced competition works no better than cooperation and may reduce motivation and productivity 

(e.g., Lawless and Anderson 1996; Stanne et al. 1999). To resolve these inconsistent findings, some 

researchers suggested that the impact of rivalry might depend on the nature of tasks. For instance, if 

rival teams’ tasks affect the performance of the opposing team, rivalry leads to less desirable results 

(Tauer and Harackiewicz 2004). Moreover, some studies argue that rivalry decreases intentions to 

cooperate and leads to lower cooperation performance (Kogut 1989; Evald and Bager 2008). 

Kiva team members may be motivated to compete against their rivals. The platform makes 

contribution behavior transparent; members observing the rival team’s performance may feel 

competitive and act upon it (Kilduff et al. 2010). The pressure from rivalry may even reduce 

individual members’ incentive to free ride other members’ contribution (Erev et al. 1993). Thus, 

observing a rival team makes contribution to a project, a member may be more likely to fund the 

same project in order to increase the recognition for her own team against the rival. 

Interestingly, contributing to the same project indicates cooperation in our context. On Kiva, 

funding is not successful until the total contribution reaches the target amount within a period of 

time. Thus, a project’s success depends on multitudinous funders who voluntarily contributing 

together. If the project could not be fully funded, current contributions will be refunded and do not 

count toward team performance. A team member may consider funding a project that the rival 

team has already funded as cooperating with the rival team to achieve its goals. Members may then 

be reluctant to cooperate with a rival team (Kogut 1989; Evald and Bager 2008). Furthermore, as 

funders are more likely to contribute to borrowers with a shorter culture distance and close social 

resemblance to themselves (Burtch et al. 2014; Galak et al. 2011), members may infer from a rival 

team contribution that the project may not be a good match for their own team. Thus, we would 

expect that a team is less likely to contribute to a project that has received a contribution from its 

rival team. 

Therefore, a rivalry relationship may either initiate direct competition between teams to appear in 

the same project or make the teams to avoid each other in a project. In the following section, we 

analyze the Kiva data to identify which impact dominates. 

4. Empirical Methodology 
4.1 Data 

We obtained weekly data from Kiva during 21
st 

October to 4
th 

December (8 week). In current 

research-in-progress paper, we picked two pairs of rival teams: “Kiva Christians” vs. “LGBT 

Kivan & Friends,” and “Team Canada” vs. “Team Australia.” Kiva Christians hold conservative 

positions against LGBT  groups,  and these teams  often appear on the leaderboard  with  

similar 

levels of contributions. Canada and Australia have been documented as having a sibling rivalry 

(MacMillan 2003). 

For the 8 week sample period, there were 23,336 listed projects. For each project, we derived a list 

of all contributing teams in the chronological order of their contributions. Using “LGBT Kivan & 

Friends” and “Team Canada” as focal teams, we record whether a team contributes to each project 

as our dependent variable. We then search through the team list to identify whether the rival teams, 

“Kiva Christian” and “Australia” respectively, contributed before the focal teams. The final cross-
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sectional data contains information about each project and rival teams’ contributions. 

4.2 Main Analysis 

We estimate how a team’s contribution to a project affects the probability of its rival team making 

a subsequent contribution to the same project with the following logistic regression model: 

 

where i represents the focal team, j represents the rival team, and n indexes projects. The dependent 

variable, LendingDecisionin is a binary variable indicating whether team i makes    contribution 

to project n. RivalryLendingjn indicates whether team j contributed to the project before team i, 

which  we  can  determine  by  scanning  the  team  list  on  the  project page. 

ControlVarn include the characteristics of the project that may affect the team’s lending decision, 

such as whether the original language of project description is English, whether it is group 

borrowing, the amount requested, and the category. 

4.3 Results 

Table 1 shows the results of the model estimation. Both Model 1 and 2 demonstrate the negative 

and significant impact of rival lending on the focal team’s subsequent lending. This means that the 

probability of a team lending to a project decreases if its rival has lent to this project. The results 

confirm that rival teams tend not to cooperate by avoiding contributing to the same project. 

Table 1. Impact of Rival Lending on Team Lending Decisions, Using Logistic Model 
Dependent Variable Lending Decision of Team LGBT Lending Decision of Team Canada 

Rival Lending 
-0.6602*** -0.1304** 

(0.0585) (0.0611) 

 0.1058* 0.0114 
English or Not 

(0.0540) (0.0421) 

 0.6236*** 0.1807*** 
Group Loan or not 

(0.0692) (0.0566) 

 0.9574*** 0.8506 
Ln (Loan Amount) 

(0.0376) (0.0280) 

 -8.6215*** -7.2934*** 
Constant 

(0.2618) (0.1960) 

Category Controls Yes Yes 

Observations 23,336 23,336 

*** p<0.001, ** p<0.01, * p<0.05, coefficient is reported and standard error in parentheses. 

4.4 Falsification Checks 

It could be argued that the analysis is picking up spurious rivalry effect as a result of coincidence. 

To establish the causality further, we perform a falsification check using non-rival team 

contributions instead of rival teams as the independent variable. Specifically, we choose “Team 

Belgium” to pair with the LGBT team since Belgium is one of the most LGBT-friendly countries. 

Similarly, we pair “Team Canada” with team “US” and “New York” as non-rivals. 

The results in Table 2 show that non-rival lending has no significant impact on a team’s tendency 

to lend to a project. Therefore, the evidence suggests that the effect of rival lending is not 

coincidental. 
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Table 2. Falsification Test Using Non-Rivalry Teams 
Dependent Variable Lending Decision of Team LGBT Lending Decision of Team US 

Non-Rival Lending 
-0.1103 -0.1902 

(0.0723) (0.1639) 

English or Not 
0.0916 0.4198*** 

(0.0563) (0.0787) 

Group Loan or not 
0.5680*** 0.1633 

(0.0691) (0.0997) 

Ln (Loan Amount) 
0.8508*** 0.5433*** 

(0.0365) (0.0482) 

Constant 
-8.1040*** -7.0747*** 

(0.2579) (0.3401) 

Industry Controls Yes Yes 

Observations 23,336 23,336 

*** p<0.001, ** p<0.01, * p<0.05, coefficient is reported and standard error in parentheses. 

4. Conclusion and Extension 
We investigate the impact of rivalry relationship on lending behavior at the team level on prosocial 

crowdfunding platform. We argue that a rivalry relationship may engage teams to compete directly 

against rivals by lending to the same project or prevent them from doing so because they intend not 

to cooperate. Our initial empirical results suggest the latter case: rival teams would be reluctant to 

contribute to the same project. Our paper is one of the first studies to explore the role of a rivalry 

relationship in crowdfunding. The findings of a negative impact of rivalry relationship confirm the 

significance of rivalry relationship on funding choices. Our study also provides insights for 

motivational mechanisms design. Crowdfunding platforms may need to be cautious in using 

rivalry as motivational mechanism, such as by considering whether to disclose team contribution 

information or when to disclose the information. 

The current research-in-progress paper is an exploratory study. We acknowledge we need more 

analyses to enhance our empirical findings and gain full understanding of the role of rivalry 

relationship, for example, the impact of rivalry on teams’ overall funding performance. Moreover, 

current study conducts an analysis at the team level. We will conduct individual level analysis to 

further understand negative impact. 

 

References 
1. Agrawal, A., Catalini, C., and Goldfarb, A. 2015. “Crowdfunding: Geography, Social 

networks, and the Timing of Investment Decisions,” Journal of Economics & Management 

Strategy (24:2), pp. 253-274. 

2. Brown, S. P., Cron, W. L., and Slocum Jr, J. W. 1998. “Effects of Trait Competitiveness and 

Perceived Intraorganizational Competition on Salesperson Goal Setting and Performance,” 

The Journal of Marketing, pp. 88-98. 

3. Burtch, G., Ghose, A., and Wattal, S. 2013. “An Empirical Examination of the Antecedents 

and Consequences of Contribution Patterns in Crowd-funded Markets,” Information Systems 

Research (24:3), pp. 499-519. 

4. Burtch, G., Ghose, A., and Wattal, S. 2014. “Cultural Differences and Geography as 

Determinants of Online Prosocial Lending,” MIS Quarterly, (38:3), pp. 773-794. 

5. Chen, R., Chen, Y., Liu, Y., and Mei, Q. 2015. “Does Team Competition Increase Pro-social 

Lending? Evidence from Online Microfinance,” Games and Economic Behavior. 

http://dx.doi.org/10.1016/j.geb.2015.02.001 

6. E. Mollick. 2014. “The Dynamics of Crowdfunding: An Exploratory Study”, Journal of 

193

http://dx.doi.org/10.1016/j.geb.2015.02.001


  

Business Venturing (29:1), pp. 1–16. 

7. Erev, I., Bornstein, G., and Galili, R. 1993. “Constructive Intergroup Competition as A 

Solution to the Free Rider Problem: A Field Experiment,” Journal of Experimental Social 

Psychology (29:6), pp. 463-478. 

8. Evald, M. R., and Bager, T. 2008. “Managing Venture Team Relationships in Corporate 

Incubators: A Case Study of Network Dynamics and Political Rivalry in a High-tech Incubator,” 

International Entrepreneurship and Management Journal (4:3), pp. 349-364. 

9. Galak, J., Small, D., and Stephen, A.T. 2011. “Microfinance Decision Making: A Field Study 

of Prosocial Lending,” Journal of Marketing Research (48:SPL), pp. S130–S137. 

10. Kilduff, G. J., Elfenbein, H. A., and Staw, B. M. 2010. “The Psychology of Rivalry: A 

Relationally Dependent Analysis of Competition,” Academy of Management Journal, (53:5), 

pp. 943-969. 

11. Kogut, B. 1989. “The Stability of Joint Ventures: Reciprocity and Competitive Rivalry,” The 

Journal of Industrial Economics (38:2), pp. 183-198. 

12. Lawless, M. W., and Anderson, P. C. 1996. Generational Technological Change: Effects of 

Innovation and Local Rivalry on Performance,” Academy of Management Journal, (39:5), pp. 

1185-1217. 

13. Lin, M., Prabhala, N. R., and Viswanathan, S. 2013. “Judging Borrowers by the Company 

They Keep: Friendship Networks and Information Asymmetry in Online Peer-to-peer Lending,” 

Management Science (59:1), pp. 17-35. 

14. Lin, M., and Viswanathan, S. 2015. “Home Bias in Online Investments: An Empirical Study of 

An Online Crowdfunding Market,” Management Science (62:5), pp. 1393-1414. 

15. Liu, D., Brass, D., Lu, Y., and Chen, D. 2015. “Friendships in Online Peer-to-peer Lending: 

Pipes, Prisms, and Relational Herding,” MIS Quarterly, (39:3), pp. 729-742. 

16. MacMillan, M. 2003. “Parties Long Estranged: Canada and Australia in the Twentieth 

Century,” Vancouver: UBC Press. 

17. Stanne, M. B., Johnson, D. W., and Johnson, R. T. 1999. “Does Competition Enhance or Inhibit 

Motor Performance: A Meta-analysis,” Psychological Bulletin (125:1), pp. 133. 

18. Tauer, J. M., and Harackiewicz, J. M. 2004. The Effects of Cooperation and Competition on 

Intrinsic Motivation and Performance,” Journal of Personality and Social Psychology (86:6), 

pp. 849. 

19. Young, G., Smith, K. G., and Grimm, C. M. 1996. “Austrian and industrial organization 

perspectives on firm-level competitive activity and performance,” Organization Science (7:3), 

pp. 243-254. 

20. Zheng, H., Li, D., Wu, J., and Xu, Y. 2014. “The Role of Multidimensional Social Capital in 

Crowdfunding: A Comparative Study in China and US,” Information & Management (51:4), 

PP. 488-496. 

  

194



  

How Do Firms Benefit from Couponing Promotions? A Comparison between 

New and Existing Customers 

 
Chencheng Fang Yuliang Yao Jiantong Zhang 

Tongji University, P.R. China Lehigh University, U.S.A. Tongji University, P.R. China 

fangcc@tongji.edu.cn  yuy3@lehigh.edu  zhangjiantong@tongji.edu.cn  

 

Abstract 

 
Based on a unique dataset gathered from a large classified ads website in China, we investigate the 

immediate and long run effects of a couponing promotion, particularly whether and how those effects 

differ across new and existing customers. We find that, firms benefit from sending coupons to new 

and existing customers via two distinct channels. Specifically, although existing customers are more 

inclined to redeem coupons during a promotion, the repurchase probability of redeemers in segment 

of new customers turns out to be much larger. 

 

Keywords: Coupons, Redemption Rate, Long-run Effect, New Customers, Existing Customers 

 

1. Introduction 
Coupons have been enjoying a high popularity among firms since last century. Nowadays, in this 

increasingly competitive business context, how to improve the redemption rate becomes a major 

concern for firms when they organize couponing campaigns. In this paper, we focus on segmenting 

the customers by their purchase records when analyzing couponing campaigns. More specifically, 

customers of a particular item are divided into new ones, who have no prior record of purchasing 

that item, and existing ones, who have prior records of purchasing.  

 

To date, there has been a wealth of research in building up knowledge on the distinct performance 

of couponing campaigns across new and existing customers. As observed by Swaminathan and Bawa 

(2005), heavier users of a product are likely to have a higher propensity to redeem coupons because 

they have more chances for coupon usage and also tend to benefit more from using them. Breuer and 

Brettel (2012) find a similar phenomenon and explain it from the perspective of switching costs. In 

fact, most researches have discovered that couponing promotion exerts a stronger effect on existing 

customers than on new ones (e.g., Meyers and Litt 2008). Obviously, a straightforward interpretation 

is that firms should distribute more coupons to existing customers in order to improve the overall 

effectiveness.  

 

However, it can be witnessed that, a substantial majority of coupons are surprisingly distributed to 

new customers in real business world. Besides, many informal reports written by business analysts 

also indicate that attracting new customers is among the primary goals of couponing campaigns. 

Contrary to our previous interpretation, firms seem to be very willing to list new customers as one 

of their targets when distributing coupons. In case that new customers fall behind the existing ones 

in respect of redemption rate, there must be some unexplored reasons in other respects that encourage 

firms to do so. Therefore, the question then arises that how firms benefit from the couponing 

campaigns, particularly how they gain from giving out coupons to new customers, who turn out to 

be less coupon-prone than those existing ones. 
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2. Theoretical Background and Hypotheses  
Although redemption rate and long run effects of coupons are two different dimensions for measuring 

the effectiveness of a couponing campaign, they are all concerned with the customers’ purchase 

probabilities. It then provides us with an opportunity to build our theoretical background in an 

integrated manner. In this paper, we thereby concentrate on the theory of perceived uncertainty, 

which has been widely considered as an important factor determining customers’ willingness to 

engage in a transaction (e.g., Chen 2010). 

 

2.1 Uncertainty and Prior Purchase 

Uncertainty is defined as the degree to which the future condition of environment cannot be 

accurately predicted due to incomplete information (Pfeffer and Salancik 1978). Extant literature has 

shown that perceived uncertainty is one of the most crucial determinants of customers’ purchasing 

behavior (Cheung et al. 2005). More specifically, it is believed that perceived uncertainty of 

customers can give rise to their perceptions of risk, which relates to the subjective possibility of 

enduring a loss (Chiles and McMackin 1996). And the risk perceptions should then have a negative 

influence on customer purchase intentions (Pavlou 2003). In other words, the higher the level of 

uncertainty, the lower the probability of transaction success.   

 

Researches have widely found that prior purchase could lessen associated uncertainty of customers, 

lead to a reduction of their perceived risk and an increase of the transaction success (e.g., Laroche et 

al. 2005; Weisberg et al. 2011). Specifically, customers are supposed to obtain knowledge about the 

products or services from prior purchase, which is processed to be information stored within memory 

(Engel et al. 1993). The additional experience is thought to exert positive impact on subsequent 

purchasing behavior of customers (Monsuwé et al. 2004). In our study, existing customers of a 

certain product are those with prior purchase, while new customers are those without. The knowledge 

that existing customers gain from prior purchase should consequently make them face less 

uncertainty and risk perceptions than new customers. So, during couponing campaign, existing 

customers ought to be more likely to redeem coupons.  

H1. Existing customers have a larger propensity to redeem coupons than new customers during 

a couponing campaign. 

 

2.2 Uncertainty and Couponing Promotion 

As incentives to encourage immediate or short-term sales, price promotions are said to potentially 

decrease brand loyalty and quality perceptions in the long run by making customers more price-

sensitive (Srinivasan et al. 2000). However, literature further argues that this negative impact of price 

promotions can be eliminated by usage experience, which is claimed to be the most important source 

of quality (e.g., Erdem et al. 2008).  

 

In our study, customers who finally redeem coupons are deemed to obtain direct usage experience 

and expertise, thus it helps to decrease their perceptions of uncertainty and risk, and in turn, 

moderates the negative impact of couponing promotions. But, the degree to which the uncertainty is 

reduced should be varied between new and existing customers. Specifically, new customers have 

little prior experience or expertise relating to the product, therefore the knowledge or information 

they derive from redeeming coupons must help them reduce their perceived uncertainty to a much 

larger extent, which then eliminate the negative impact of couponing promotions. On the contrary, 

as existing customers are those with prior purchase, through which knowledge or information about 

the product has already been gained, additional purchase resulting from the redemption of coupons 
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is expected to have less influence on their further reduction of uncertainty according to the law of 

diminishing marginal returns. 

H2. The long run effect of couponing promotions differs across new and existing customers. 

The effect is positive in segment of new customers, and is larger than that for existing ones. 

 

3. Empirical Context and Data 
3.1 Empirical Context 

The empirical setting of this study is a large classified ads website in China. The website is organized 

by city-category pairs. Each has a webpage, on which registered users post their ads for visitors to 

browse. For example, the webpage of “Shanghai-Used Car” is for users to post ads to sell used cars 

in Shanghai. Users can post ads for free via their accounts. The posted ads are listed on a webpage 

with key information sorted by the time they are posted. With so many ads posted per day, an ad may 

sink to the bottom of a webpage or even be pushed to the next page in a few hours. Therefore, the 

firm provides a variety of for-charge services to help users increase the likelihood of their ads being 

browsed. “Stick” is a type of service with a large popularity. When a user purchases the “Stick” 

service to help him advertise in “Shanghai-Used Car” webpage, his ad is then marked with a “DING” 

sticker and listed on the top section of the webpage. It has to be noted that the service is only valid 

for a certain period after being activated, which depends on the price a user chooses to pay. To 

encourage users to purchase services, the firm conducts a range of marketing campaigns, and a major 

technique is to send coupons. A coupon is specified with five dimensions, namely the face value, the 

period of validity, the city and category it applies to, as well as the type of service it can be used to 

purchase.  

 

3.2 Data 

The firm conducted a couponing campaign at the website from July 31, 2014 to Mar. 29, 2015. And 

in this study, we specifically chose one month (from Feb. 1 to 28, 2015). During this month, 5437 

users received coupons for a single time, all of which were designed to be valid for three days, and 

must be redeemed in the designated cities, categories, and most importantly for the purchase of “Stick” 

service. Among those 5437, there were 330 users who had not purchased “Stick” service, but had 

once clicked its purchasing page within 15 days before the promotion. As this study concentrates on 

the influence of couponing promotion, we thus exclude those 330 users for the sake of clarity. 5107 

users remain for further analysis. To answer the research question raised in Section 1, we select a 

three-month window from Jan. 1 to Mar. 31, 2015 to collect data about those 5107 users from the 

firm. First, we identify each user as either new or existing customer by reviewing his purchasing 

records prior to the promotion. Second, detailed information about the coupon distributed to each 

user are recorded, involving whether it was redeemed, its face value, issued and redeemed dates, as 

well as the designated city and category. Moreover, as stated above, the validity period and applicable 

service type of all coupons were fixed to be three days and the “Stick” service, respectively. Third, 

orders made by each user during the three-month window are also tracked. 

 

4. Empirical Analysis 
4.1 Study A 

In Study A, we investigate the immediate effect of couponing promotion through the redemption rate 

of coupons, and focus on whether existing customers have a higher inclination to redeem coupons 

than new customers. The dependent variable is COUPON, a binary variable indicating whether the 

coupon is redeemed. Independent variables include (1) PRIOR_PURCHASE, denoting a user to be 
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new or existing customer for the “Stick” service, and (2) WEEKi, a series of dummies signifying the 

week during which a user receives the coupon. We employ a binominal logit to model the probability 

that a user redeems the coupon.  

 

 𝐶𝑂𝑈𝑃𝑂𝑁𝑖 = 𝛼0 + 𝛼1𝑃𝑅𝐼𝑂𝑅_𝑃𝑈𝑅𝐶𝐻𝐴𝑆𝐸𝑖 + ∑ 𝛾𝑖𝑊𝐸𝐸𝐾𝑖𝑖 + 휀𝑖 
where 𝑖 denotes user and 휀 is the disturbance term. α0 is the constant to be estimated, and α1,  γi 
are parameters to be estimated. 

 

The estimation results are presented in Table 1. The coefficient for PRIOR_PURCHASE is positive 

and significant (𝛼=2.145, p<0.001), indicating that existing customers are more likely to redeem 

coupons than new customers. Hence, H1 is supported. 

 
Table 1. Estimation Results 

 COUPON 

PRIOR_PURCHASE 
2.145*** 

(0.127) 

Intercept 
-2.797*** 

(0.170) 

WEEK dummies Included 

Model Statistics  

N 5107 

𝜒2 293.80*** 

R2 0.085 

Log likelihood -1332.9173 

+p<0.10; *p<0.05; **p<0.01; ***p<0.001 

 

4.2 Study B 

In Study B, we attempt to look beyond the redemption rate of coupons, and explore the long-run 

effect of couponing promotion. Most importantly, we are interested in how the effect varies across 

new and existing customers. The dependent variable is PURCHASE15, a binary variable representing 

whether a user makes an order of “Stick” service within 15 days after receiving the coupon. 

Independent variable is COUPON, which shares the same meaning as that in Study A. Likewise, we 

use a binominal logit to model the possibility that a user makes a purchase within 15 days after the 

reception of coupon. The model can be written as follows. 

 

𝑃𝑈𝑅𝐶𝐻𝐴𝑆𝐸15𝑖 = 𝛽0 + 𝛽1𝐶𝑂𝑈𝑃𝑂𝑁𝑖 + 휀𝑖 
where 𝑖 denotes user and 휀 is the disturbance term. 𝛽0 is the constant to be estimated, and 𝛽1 is 

the parameter to be estimated.  

 

To check for the robustness of our results, we extend the observation period from 15 days to 30 days 

(PURCHASE30) and 45 days (PURCHASE45), and rerun the model with other terms unchanged. 

Table 2 presents the estimation results. In models with different dependent variables, the estimates 

are consistent in terms of sign and significance, demonstrating the robustness of our results. Next, 

we discuss the result in the first model. 

 

Table 2. Estimation Results 

 PURCHASE15 PURCHASE30 PURCHASE45 

198



  

COUPON 
2.302*** 

(0.181) 

0.796*** 

(0.264) 

2.377*** 

(0.152) 

0.654** 

(0.230) 

2.305*** 

(0.149) 

0.649** 

(0.227) 

Intercept 
-3.776*** 

(0.101) 

-1.609*** 

(0.180) 

-3.298*** 

(0.081) 

-0.796*** 

(0.145) 

-3.193*** 

(0.077) 

-0.633*** 

(0.141) 

Sample 
New 

Customers 

Existing 

Customers 

New 

Customers 

Existing 

Customers 

New 

Customers 

Existing 

Customers 

Model Statistics 

N 4758 349 4758 349 4758 349 

𝜒2 162.69*** 9.09** 243.92*** 8.10** 237.88*** 8.17** 

R2 0.092 0.025 0.101 0.018 0.093 0.018 

Log 

likelihood 
-620.613 -178.352 -862.573 -225.295 -919.543 -231.321 

+p<0.10; *p<0.05; **p<0.01; ***p<0.001 

 

The coefficient of COUPON is positive and significant whenever the model is estimated with the 

sample of new or existing customers. However, it differs greatly across new and existing customers 

in terms of magnitude. Specifically, the coefficient of COUPON in segment of new customers is 

2.302 (p<0.001), but it is only 0.796 (p<0.001) for existing ones. H2 is supported.  

 

5. Concluding Remarks 
As found, firms benefit from distributing coupons to new and existing customers through two distinct 

channels. First, when investigating the immediate effect of couponing promotions via redemption 

rate, we find that existing customers do have a higher likelihood to use coupons throughout the whole 

validity period. Second, we look beyond the validity period of coupons, and try to explore the long 

run effect of couponing promotions. The result reveals that in both segments, coupon redeemers have 

a larger tendency to repurchase in the future than non-redeemers, but the tendency is found to be 

much greater for new customers. Therefore, it can be concluded that, for existing customers, firms 

sending coupons to them can expect a higher rate of redemption. In contrast, although the redemption 

rate for new customers stays relatively low, firms distributing coupons to them should have the 

benefits of larger long run effect.  

 

Our findings have important theoretical implications. First, it provides additional evidence to the 

previous studies that existing customers are more likely to redeem coupons. Second, it re-examines 

the long run effect of couponing promotions and further advances prior literature by distinguishing 

the effect across new and existing customers. Third, through integrating the findings of immediate 

and long run effects, this study contributes to the body of promotional literature by explaining firms’ 

distinct motivations to give out coupons to new and existing customers, particularly how firms 

benefit from sending coupons to new customers, who turn out to be less coupon-prone than existing 

customers. Managerial implications should be addressed. Despite a higher rate of coupon 

redemptions in segment of existing customers, managers ought to be aware that couponing 

promotions also perform the function of customer development. The larger long run effect for new 

customers provides firms with opportunities to discover and develop potential clients. It would be 

beneficial for firms to consider new customers as one of the targets when they conduct a couponing 

promotion. This study encourages managers to evaluate the effectiveness of a promotional activity 

from various perspectives and across different segments of customers.  
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The study still has some limitations. First, an important avenue for future research is to test whether 

differences in frequency of prior purchases result in differences in the effects of couponing promotion. 

Second, “Stick” service in our study is a high-quality product with large popularity among website 

users, which is supposed to bring about favorable usage experience and helps decrease users’ 

perceived risk. A possible extension for future study is to discuss the effects of couponing promotion 

on products with lower quality and less popularity, particularly how the effects differ across new and 

existing customers.  
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Online Advertising, Retailer Platform Openness, and Long-Tail
Sellers

Abstract

It becomes increasingly popular that some large online retailers such as Amazon open
their platforms to allow third-party retail competitors to sell on their own platforms. We
develop an analytical model to examine this retailer marketplace model and its business im-
pact. We assume that a leading retailer has both valuation advantage that may come from
its reputation and information advantage that may come from its brand awareness. We �nd
that the availability of relatively low-cost advertising through social media or search engine
can e�ectively reduce the leading retailer's information advantage, and thus be an important
driving force for its strategic decision to open its platform. Not only does the advertising
option directly make small sellers more visible to consumers, but also incentivizes the online
retailer to open its platform and dramatically increases small sellers' exposure, indirectly
contributing to an even more prominent long tail phenomenon in e-commerce.

1. Introduction
With the global e-commerce sales reaching over $1 trillion and Amazon's mammoth

growth in the retail industry over the last decade, nowadays thousands of small merchants
rely on Amazon to reach customers who otherwise would not know they exist. Smaller
retailers are attracted to the Amazon marketplace by the promise of tapping into the Internet
retailer's roughly 85 million unique monthly visitors and 270 million active customer accounts
to expand reach and sales. Third-party sellers report an average of 50% increase in sales
when they join Amazon's marketplace. In turn, Amazon charges a commission for every
marketplace sale (e.g., 6% for personal computers, 15% for mobile phones). It appears
that both Amazon and the third-party sellers bene�t from the partnership, especially when
smaller retailers do not have the resources to e�ectively and e�ciently pursue e-commerce.

When Amazon itself does not carry the same products as small sellers for sale, Amazon
acts as a sole platform owner to help the sellers reach potential buyers. There is no direct
retail competition with the small sellers who join its platform, and any positive sales on the
platform directly bene�t both Amazon and the sellers. The incentives of partnership are well
aligned. However, when Amazon sells the same products as small sellers, Amazon acts as
both a platform owner and a competing seller. It is less obvious why Amazon should allow
competing sellers to sell on its platform. One argument is that by opening its platform,
the commission fee charged by Amazon directly contributes to the retailer's revenue, which
provides Amazon an incentive to open its platform. However, excluding the small sellers
makes Amazon a monopolist over the consumers who are aware of its products only. It may
be bene�cial for Amazon to sell by itself and enjoy the monopoly pro�t, instead of gaining
only a small share of third-party sellers' sales. Therefore, a simple commission-fee argument
may not explain retailer platform openness.

An alternative explanation to the retailer platform openness is that it is a strategic
response to the emerging low-cost advertising through social media or search engine. Tra-
ditional TV advertising incurs a setup cost of at least $50,000, and the cost of media is as
expensive as $35,000 to $2 million per 30 second spot. The cost of designing and putting up
a commercial can really be a barrier for small sellers with a low advertising budget. More
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recently, search engines and social media have dramatically changed the advertising indus-
try. First, search engines provide organic listing service, which is totally free. Second, small
sellers can easily set up advertising accounts with Google, specify their intended positions,
and tailor the desired awareness levels based on their daily budgets. Usually the cost of pay-
per-click marketing is about several cents to a few dollars per quali�ed visitor. Commercials
created on YouTube and Hulu are only a fraction of the cost of advertising on TV. Instead
of allowing small sellers to do the low-cost advertising independently and competing with
the leading retailer for market share, the leading retailer may consider to invite the small
sellers to join its platform.

In this paper, we aim to explain the rationale for retailer platform openness. Based
on the observation of emerging low-cost advertising through social media or search engine,
we ask the following research questions: how does low-cost online advertising a�ect leading
retailers' incentive to open their platforms? Is the availability of low-cost advertising a
driving force for leading �rms and small �rms to form a partnership? If so, how does low-
cost advertising option a�ect sales distribution and contribute to long tail phenomenon via
the open platform?

We consider a leading online retailer competing with a small retailer. The leading re-
tailer has both valuation advantage and information advantage over the small retailer. The
valuation advantage comes from the leading retailer's reputation and the quality of customer
services. So for the same product, everything (e.g., price) else being equal, consumers prefer
to buy from the leading retailer rather than the small seller. The information advantages
comes from the leading retailer's brand awareness. Therefore, the leading retailer can access
a larger potential market than the small retailer. While the valuation advantage is the lead-
ing �rm's intangible asset, the information advantage can be weakened with the relatively
low cost Internet advertising technologies. The cost e�ective advertising makes it possible
that the small seller gains exposure and increases its awareness level to compete more ef-
fectively with large retailers. The small seller's outside option of advertising reduces the
leading retailer's relative information advantage and thus will a�ect the leading retailer's
marketplace strategy.

An interesting question is how the cost of advertising a�ects the leading retailer's incentive
to open its platform and the small seller's strategic choice of advertising. We develop a model
of retail competition to formally analyze the strategic interactions between the two �rms.
Our model consists of a leading retailer engaging in price competition with a small seller on
selling an identical product. The leading retailer strategically decides whether to open its
platform to allow the small retailer to access its customer base by charging a commission
per unit of product sale on the platform. The small retailer then decides whether to join the
platform and compete with the leading retailer in the expanded market. We characterize
the conditions under which both the leading retailer and the small seller are willing to form
the partnership on the platform.

The most relevant stream of literature to our research is dual-channel distribution. More
speci�cally, several recent studies focus on analyzing the potential incentives for an online
retailer to open its platform for direct competition with other retailers (e.g., Jiang et al.,
2011). For example, Jiang et al. (2011) consider a setting in which the retailer faces uncertain
demand and can learn from small sellers who sell on their platforms about future demand
information. Ryan et al. (2012) analyze the price competition and channel con�ict between
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a marketplace seller and a third-party retailer. They focus on a revenue sharing contract
with a �xed fee for participation as a coordination mechanism. They �nd that the third-
party seller prefers to sell through her own channel or through the marketplace system,
but not both. Mantin et al. (2014) provide a di�erent insight into the marketplace model.
They show that through opening its platform the retailer creates an �outside option� that
improves its bargaining position in negotiations with the manufacturer. Di�erent from this
line of research, our work provides alternative explanation for the prevalence of the retailer
marketplace model. We show that the small seller's ability to increase its exposure by low-
cost online advertising exerts external pressure for the leading retailer to open its platform.

2. Model
We consider a leading retailer such as Amazon (A) and a small seller (B) selling an

identical product. As an established and reputable retailer, the leading retailer has two
types of advantage over its competitor: valuation advantage and information advantage.
The former refers to the fact that everything else being equal, consumers prefer to buy from
Amazon rather than from the small seller. The latter refers to the fact that some consumers
are aware of the leading retailer but not the small �rm.

There is a continuum of consumers with unit mass in the market. Each consumer has a
unit demand of the product. All consumers prefer buying from A than from B, everything
else being equal. In particular, consumers derive value v from purchasing the product from A
and derive a discounted utility k̃v from purchasing from B, where k̃ is uniformly distributed
over [0, 1] across all consumers. The valuation advantage of Amazon may come from its
reputation and high-quality service such as handling and return. Without loss of generality,
we normalize v to 1. We further normalize the marginal costs for the sellers to provide the
product to zero.

All consumers are aware of A. If B joins A's platform, all consumers are also aware of
B's product. B pays a commission rate ρ for each unit sale in this case. If B does not join
A's platform, initially only a proportion α of consumers are aware of B. B may advertise its
product with search engines and its awareness can be increased to ψ at cost G(ψ). Notice
that the awareness level is α without advertising, and therefore G(α) = 0. We assume that
G′(ψ) > 0 and G′′(ψ) ≥ 0 for ψ ∈ (α, 1). Further note that the purpose of advertising is
to increase consumer awareness. If B chooses to join A's platform, B has no incentive to
advertise any more because all consumers are aware of its product already. To exclude some
trivial cases, we assume that α < 2

3
; that is, the small seller B's information disadvantage

over A is not too small.
The time sequence of the game is as follows. In stage 1, A announces the commission

rate ρ. In stage 2, B decides whether to join A's platform. If B does not join A's platform, B
may choose its advertising level if the advertising option is available. In stage 3, both �rms
decide their retail prices pA and pB, and consumers make their purchase decisions.

Consumers will purchase a product only when they are aware of the product and the
product generates a net utility no less than a certain reservation value, which is normalized
to zero. For those consumers who derive positive net utility from both �rms' products, they
purchase the product with higher net utility. We consider two scenarios: the case without
advertising option and the case with advertising option. We use the case without advertising
option as a benchmark to examine the e�ect of advertising on A's platform openness.
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3. The Seller's Incentive of Partnership
In the absence of advertising option, A has both the information and valuation advantage

over B. When A has big information advantage, A does not have incentive to have B on its
platform. This is because, although having B on its platform can harvest the commission
fee, it is more e�ective for A to exploit its exclusive demand by charging a monopoly price.
On the other hand, when A's information advantage is not large and consumers' awareness
of B is high enough, B has no incentive to join A. This is because, increasing B's awareness
by joining A's platform increases the competition between the two sellers and thus hurts B's
pro�t. As a result, we conclude the following equilibrium.

Proposition 1. In the absence of the advertising option, A's and B's incentives cannot be
aligned. In equilibrium, B does not appear on A's platform.1

Conventional wisdom may suggest that A is willing to open its platform and B has
incentive to join because A can enjoy the commission fee and B can earn higher pro�t
because of the increased awareness and sales. However, this explanation does not always
hold, according to the above proposition. The main reason is that when B does not have any
advantage over A, it is more e�ective for A to exploit the market itself rather than charging
a low commission fee. However, charging a high commission fee may prevent B from joining
the platform. The commission fee itself is not su�cient to explain why A is willing to open
its platform and meanwhile B has incentive to join. We �nd that the low-cost advertising is
one of the driving forces that makes it happen.

When advertising option is available, B may choose not to join A's platform but increase
its awareness level from α to ψ∗ to its best interest, where ψ∗ is the optimal awareness
level for B. The advertising option essentially increases the value of B's outside option of
not joining A's platform. Therefore, for given commission rate ρ o�ered by A, B has less
incentive to join A with the advertising option than without it. In contrast, when B increases
its awareness by advertising, A's information advantage over B is reduced if A does not have
B on its platform. Therefore, in the presence of advertising option, A has greater incentive to
partner with B on its platform. We denote π∗i (ψ) as the equilibrium pro�t for i, i ∈ {A,B},
at B's awareness level ψ, when B does not join A's platform. We denote π∗∗i (ρ) as i's
equilibrium pro�t at commission rate ρ when B joins A's platform. The following result
shows that, compared with the case without the advertising option, A has greater incentive
to have B on its platform and B has less incentive to join A's platform in the presence of the
advertising option.

Proposition 2. Given any commission rate ρ, (a) A's gain of having B to join its platform
in the presence of advertising is greater than that without the advertising option; that is,
π∗∗A (ρ) − π∗A(ψ∗) ≥ π∗∗A (ρ) − π∗A(α). (b) B's gain of joining A's platform in the presence of
advertising is less than that without the advertising option: π∗∗B (ρ) − [π∗B(ψ

∗)−G(ψ∗)] ≤
π∗∗B (ρ)− π∗B(α).

Intuitively, the advertising option has asymmetric e�ect on �rms A and B. In general, the
advertising option increases the value of B's outside option of not joining A's platform, but
reduces A's competitive advantage of keeping its platform closed. Although the advertising

1All the proofs are omitted because of the page limit and are available upon request.
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option has the opposite e�ect on the two �rms' incentives, we show that B's decision to
partner with A may emerge as an equilibrium because of the advertising option.

We next examine the condition under which both A and B have incentive to form the
partnership. By comparing the equilibrium outcome when they form partnership and when
they do not, we can conclude the following.

Proposition 3. In the presence of the advertising option, if 1−ρ
(3−ρ)2 ≥

ψ∗

4
−G(ψ∗) and 4−ρ

(3−ρ)2 ≥(
1− 1

2
ψ∗
)
, B joins A's platform in equilibrium; Otherwise, B simply advertises by itself and

does not join A's platform, where ψ∗ is de�ned as

ψ∗ =


α
2
3

ψ̃

if G′(α) > 1
4

if G′(2
3
) < 1

4

otherwise

(1)

The �rst condition ensures that B has incentive to join the platform, and the second
condition ensures that A has incentive to open its platform. We �rst illustrate that for
some forms of advertising cost functions, the above conditions can be satis�ed and thus the
partnership can arise as an equilibrium outcome. For instance, G(φ) = (ψ − α)/4. In this
case, the bene�t and the cost of advertising for B cancel out, and B is indi�erent in choosing
any ψ. We assume that B chooses ψ∗ = 2

3
. Therefore, when the commission rate is not too

high, or, more speci�cally, when ρ < ρ∗∗, B has incentive to join A's platform, where ρ∗∗ is
de�ned by 1−ρ∗∗

(3−ρ∗∗)2 = α
4
.

It is easy to see that when α is small, ρ∗∗ can be very high and close to 1 (because the
left-hand side is decreasing in ρ∗∗). Intuitively, when B's initial awareness level is low and
the net bene�t of advertising is negligible, B has incentive to join A's platform even if the
commission rate o�ered by A is high. Meanwhile, in this case, if A can charge a commission
rate greater than a certain level ρ∗, A has incentive to have B on its platform, where ρ∗ is
de�ned by 4−ρ∗

(3−ρ∗)2 = 1− 1
2
ψ∗. This is because, di�erent from the case without the advertising

option, with advertising the awareness gap becomes small and A's information advantage
also becomes small; that is, in the former ψ = α, whereas in the latter ψ = ψ∗. Therefore,
when ρ∗ < ρ∗∗, A is willing to open its platform and B has incentive to join A's platform.

We next consider the class of linear advertising cost function. The following result identify
conditions under which B joins the platform or advertise independently.

Corollary 1. In the presence of the advertising option with linear advertising cost G(φ) =
k(ψ−α), (a) if k > 1

4
, B does not join A's platform in equilibrium and B does not advertise;

(b) if 3(6−
√
33)

4−6α < k < 1
4
, B joins A's platform in equilibrium; (c) otherwise, B does not join

A's platform but advertises by itself to the awareness level ψ∗ = 2
3
.

Corollary 1 shows the e�ect of the advertising cost on the equilibrium outcome. When
advertising cost is high, the bene�t from increased awareness for B cannot compensate the
cost and thus B has no incentive to advertise. Therefore, the advertising option does not
increase the value of B's outside option if B does not join A's platform. As a result, as
in the case without advertising option, the two �rms' incentives cannot be aligned to form
partnership, which explains Corollary 1(a).

5
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On the other hand, if the advertising is cost-free or the advertising cost is very low, as
shown in Corollary 1(c), B can increase its awareness to an appropriate level by advertis-
ing and thus gain competitive advantage over A. In contrast, by joining A's platform, B's
awareness level cannot be tailored and B has to pay commission fee. As a result, when the
advertising cost is very low, B has no incentive to join A's platform; instead, B is better o�
by advertising by itself without joining A's platform, even if A is willing to open its platform.

Finally, Corollary 1(b) indicates that when the cost of advertising is in the intermediate
range, A is willing to open its platform and B has incentive to join A's platform. In this
case, without joining A's platform, B can advertise to increase its awareness level, which
in turn reduces A's information advantage and decrease A's incentive to keep its platform
closed. Therefore, A is willing to open its platform. Meanwhile, although B can increase its
awareness level, B has to take into account the non-negligible advertising cost. Comparing
the bene�t of advertising with that of joining A's platform, B has incentive to join A's
platform.

Corollary 1 illustrates that if the advertising cost is not too high or too low, A has
incentive to open its platform and B has incentive to join A's platform. When there is no
advertising option or advertising cost is too high, A may rather keep its platform closed and
exclude B. For instance, the high-cost advertising with traditional media cannot induce A
to open its platform. On the other hand, when B can e�ectively take advantage of the very
low-cost social media advertising or the free organic listing with search engines, B has no
incentive to pay commission fee to join A's platform even if the platform is open.

4. Conclusion
It is increasingly popular that some online retailers open their own platforms for third-

party sellers to access and compete for the same customers. We analyze the strategic rationale
for a leading online retailer to open its platform for third-party sellers. We �nd that, when
there is no advertising option or when the advertising is expensive, the small seller is seen as
a weak competitor because of its low awareness level, and the pure competition equilibrium
emerges. When the cost of advertising is low, the small seller prefers to increase its awareness
through its own advertising e�ort, rather than joining the leading retailer's platform. Only
when the advertising cost is moderate, both the leading retailer and the small seller have in-
centives to open/join the leading retailer's platform. Our results indicate that the decreasing
cost of advertising in social media or search engine is an important driving force to motivate
the retailer to open its platform and welcome small sellers, e�ectively contributing to the
increasingly prominent long tail phenomenon.
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ABSTRACT  

  

A profit-maximizing video-hosting platform considers adopting an advertising-supported business 

model, a subscription model, or a hybrid one. Under the advertising model, the viewers will watch the 

videos for free but have to bear with the ads; while under the subscription model, the viewers watch 

the ad-free videos for a subscription fee. We apply the two-sided market theory and build a 

Stackelberg game model to study the model selection and pricing of the platform, the entry decision 

and quality provision of the video providers, and choices of the viewers. We find that the pure 

subscription strategy is optimal when the video quality is high, the pure advertising strategy dominates 

when the quality loss due to ads is low and the video quality is medium, and the hybrid strategy is 

optimal when the viewers’ quality loss due to ads is medium and video quality is medium. The paper 

contributes to the two-sided platform theory and the online media industry.   

 

Key words: Advertising; Subscription; Video-sharing platform; Two-sided platform  

1 Introduction  
Video sharing websites, such as YouTube, Vimeo, and Daily Motion, are rising rapidly and 

gaining tremendous popularity. They allow the users to upload videos to their servers and provide 

streaming services to viewers. The content of videos ranges from user-generated short video clips to 

TV shows and movies clips. Take YouTube as an example, it is currently ranked the second most 

popular website worldwide: 300 hours of video uploaded every minute, attracting over 15 billion 

visitors a month, and 5 billion videos viewed every day (SimilarWeb, Fortunelords).   

This study focuses on the video sharing websites serving as a two-sided platform connecting 

massive video providers and viewers. Specifically, we analyze the pricing strategy of the free 

channels, and compare the revenue models of those types of video sharing platforms.  

The main revenue source for these video sharing platforms is advertising sales. That is, the video 

content attracts visitors, who in turn generate views and clicks on the ads on the video pages or 

inserted into the videos. The ad revenues earned by the video sharing platform are shared with video 

providers to compensate their efforts in creating and uploading the videos. Viewers can watch these 

public videos for free, but have to bear with the ads in the videos or around the video player. Ads in 

the videos are generally considered obtrusive and disturbing to viewers. Thus some viewers may be 

willing to pay to remove those ads in videos. Some video sharing platforms offered this option to the 

viewers. For example, YouTube Red was launched in 2015 to offer ad-free access to all YouTube 

non-paid videos for $9.99 a month. Adding this subscription option to the viewers enables them to 

choose avoiding ads in videos if they think the payment is less than the disutility brought by the ads. 

Thus, it may help segment the viewers based on willingness-to-pay and increase the total market 

share. The down side is that the subscription option will reduce the ad revenue, cannibalizing the 

main revenue source.  

We pose the following research questions:  
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1) As a video-sharing platform, what is a better approach to monetize, advertising or 

subscription, or both?   

2) How are the optimal rate the platform pays the video providers, and the optimal 

subscription rate determined?  

3) On this two-sided video-sharing platform, what influences the market sizes and 

activities of the video providers and the size of the viewers?     

4) What affects quality levels of videos created and uploaded to the platform?   

2 Literature review  
Responding to the fast growth of platform-based business, researchers have put more interest on 

examining the business models of the platform. Rochet and Tirole (2003) and Armstrong (2006) 

focused on the determinants of equilibrium prices in a two-sided platform. They suggested that the 

cross-group externalities, the platform governance (profit-maximizing platforms or not-for-profit 

joint undertakings), the charging mode (fixed fees or per-transaction charges) and the access type 

(single-homing or multi-homing) have significant influence on a platform’s pricing strategy. 

Economides and Katsamakas (2006) compared the pricing strategy, profitability and social welfare 

between a proprietary platform (e.g., Windows) and an open source platform (e.g., Linux). 

Considering seller-side innovation decisions and price competition, Lin et al. (2011) investigated the 

platform’s optimal pricing strategy and corresponding participation levels of both sides in the market. 

Eisenmann et al. (2011) explored platform envelopment, which is an entry path for platform 

providers. Through envelopment, a provider in one platform market can enter another platform 

market by bundling its own platform’s functionality with that of the target’s to leverage shared user 

base. Chao and Derdenger (2013) analyzed mixed bundling strategy in a two-sided market, where 

the platform owner bundles access to the platform with the content. Bhargava et al. (2013) studied 

the launch strategy of a two-sided platform for a startup that is uncertain about third-party content 

development. Considering the buyer and seller expectations (favorable or unfavorable) and the 

relationship between first-party content and third-party content (complements or substitutes), Hagiu 

and Spulber (2013) studied the strategic use of first-party content by the platform owner. Anderson 

et al. (2014) examined the performance investment strategies of platforms. The platform owner 

trades off between investing in high platform performance to match end user preferences versus 

reducing investment to facilitate third-party content development. Besides, Eisenmann et al. (2006) 

and Gawer and Cusumano (2008) drew on the theoretical work to offer the executives guidelines 

about how to become platform leaders.   

Our paper differs from the above literature in that we examine a practical revenue model problem of 

a video platform. The platform owner considers adopting the advertising model, the subscription 

model or the hybrid one.   

  There are a few studies about pricing strategy of ad-supported and ad-free services on the two-

sided platform. Riggins (2002) focused on a two-tier fee-based and sponsorship-based information 

website. The platform owner charges a price for the content of high quality and offers content of low 

quality for free, and the customers choosing either option can bring identical advertising revenue to 

the platform. They found that a reduction in the potential for advertising revenues leads to a reduction 

in quality of free content and an increase in fees of high-quality content. In Prasad et al. (2003), the 

media provider decides to offer consumers either one or both options of paying a higher price for 

fewer advertisements or paying a lower price with more advertisements. The results indicate that the 

optimal strategy of the platform is to offer both options to the consumers in most situations. Fan et 
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al. (2007) examined under what circumstances should the media provider use pricing or advertising 

strategy to distribute digital media in the online channel. In their model, customers have different 

using costs toward traditional channel and online channel, and they also incur costs of paying price 

for the online digital media. They found that the programs should be sold online when content quality 

is relative high and online access cost is low, and advertising strategy should be used when online 

access cost is relative high. Overall, providing both options could be better off. Peitz and Valletti 

(2008) compared content and advertising decisions for free-to-air television and pay-tv in duopoly 

setting. Media platform receives advertising revenue with free-to-air, but it receives both of 

advertising revenue and revenue from viewers with pay-tv. They found that the advertising intensity 

is greater under free-to-air television when viewers strongly dislike advertising, and the content is 

less differentiated under free-to-air television. Lin et al. (2012) investigated the optimal option of the 

online service provider in a monopoly setting or duopoly setting, where consumers may be offered 

with an ad-free service, an ad-supported service, or a combination of these services. They analyzed 

two types of advertising revenue models, that is, CPM (cost-per-thousand-impression) model and 

CPC (cost-per-click) model. It shows that a higher ad revenue rate may result in lower service prices, 

and such price reductions are more severe in the CPM model.   

Different from those papers, we focus on the revenue model of a video-hosting platform, where the 

platform owner does not provide the videos on its own. Instead, there is a group of video providers 

creating videos and getting revenue from participating in the platform. Though our paper investigates 

similar research questions as those papers, e.g. ad-supported and ad-free content pricing, we study 

not only media platform’s pricing decision, but also a more complicated problem that involves the 

relationships among the platform owner, the video providers and the viewers, as well as the decisions 

of all parties.   

3 Model  
We present a two-sided platform model which includes a platform owner, a mass of video providers 

and a mass of video viewers. The platform owner decides which revenue model(s) to adopt: 

advertising or subscription. Specifically, the platform owner can adopt one of three strategies: (i) 

Pure advertising, a strategy where viewers watch videos with advertisements for free; (ii) Pure 

subscription, a strategy where viewers can pay a subscription fee to watch videos without 

advertisements; (iii) Hybrid, a strategy where a viewer can choose either the free option or 

subscription option.   

The sequence of the game is as follows. In stage 1, the platform owner chooses which one of the 

three strategies to adopt and announces the corresponding fee(s). In stage 2, each video provider 

decides whether to join the platform or not based on his expected profit. In stage 3, the viewers 

decide whether to join the platform, and choose free or subscription option under the hybrid strategy. 
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Figure 1 Market structure under different strategies  

We illustrate market structures under different strategies in Figure 1. Let 𝑛𝑓 and 𝑛𝑠 represent the 

number of the free viewers and the subscribers, respectively. Correspondingly, the number of the 

views from the free viewers and the subscribers are denoted as 𝑄𝑓 and 𝑄𝑠, respectively. Under the 

pure advertising strategy (Figure 1(a)), the revenue of the platform depends on the number of 

views 𝑄𝑓 and the exogenous advertising rate 𝑎. The platform owner decides the payment rate to 

the video providers 𝑟 to maximize his net profit, which can be expressed as  

 
Under the pure subscription strategy (Figure 1(b)), the platform owner decides both of the payment 

rate 𝑟 and the subscription fee s. His profit can be computed with  

 

Under the hybrid strategy (Figure 1(c)), the platform owner earn both advertising revenue and 

subscription revenue. The corresponding profit is  

 
The total size of the video providers is denoted by 𝑁𝑝. In the basic model, we assume that they create 

videos of quality 𝑞. For the sake of tractability, we assume that 𝑞 is identical across all video 

providers in this section, and we will relax it in Section 5. Video provider 𝑗 incurs heterogeneous 

cost 𝑡𝑗𝑞, where the cost factor 𝑡𝑗 is uniformly distributed on the support [0, 𝑡 ]. For each view of the 

video, the video provider receives a payment 𝑟 from the platform owner. Let 𝑄𝑗 be the number of the 

views of the video created by video provider 𝑗. Thus, the net profit of video provider 𝑗 can be 

expressed as  

 
Video provider 𝑗 joins the platform if Π𝑗 ≥ 0. We use 𝑛𝑝 to represent the number of video providers 

joining the platform.   

The total size of the viewers is denoted by 𝑁𝑣. They have heterogeneous quality preference 𝜃𝑖, which 

is uniformly distributed on the support [0, 𝜃 ]. When ads are shown on the same screen with the video, 

they block the main scene and are normally viewed as disturbance. Thus advertisements are assumed 

to degrade the quality of video by 𝑘. A viewer watches all the videos as long as 𝑘 ≤ 𝑞. Thus, when 

𝑘 ≤ 𝑞, the utility of the free viewer 𝑖 is  
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To watch videos without advertisements, the viewer pays 𝑠 as subscription fee. Given the 

subscription fee as a sunk cost, the viewers watch all the videos with quality 𝑞 ≥ 0. Therefore, the 

utility of the subscriber 𝑖 is  

 
When the pure advertising or pure subscription strategy is adopted by the platform owner, viewer 𝑖 

join the platform if 𝑈𝑖𝑓 ≥ 0 or 𝑈𝑖𝑠 ≥ 0. When the hybrid strategy is adopted, viewer 𝑖 chooses to 

watch videos with ads if 𝑈𝑖𝑓 ≥ max(0, 𝑈𝑖𝑠) or subscribe if 𝑈𝑖𝑠 ≥ max(0, 𝑈𝑖𝑓).   

Under the hybrid strategy, the participating viewers make choice between the free option and the 

subscription option to maximize their utility. We summarize the choice of participating viewers in 

Observation 1 and further illustrate the domain of each case in Figure 2.   

Observation 1. The choice of participating viewers in equilibrium under the hybrid strategy  

1) (FV) When 𝑘 is low and 𝑞  is moderate to very high, all of the participating viewers watch videos 

with ads, i.e., 𝑛𝑓 > 0 and 𝑛𝑠 = 0.  

2) (SV) When 𝑘 is high and 𝑞  is high, all of the participating viewers subscribe to watch videos 

without ads, i.e., 𝑛𝑓 = 0 and 𝑛𝑠 > 0.  

3) (MV) When 𝑘 is moderate and 𝑞  is moderate to very high or when 𝑘 is high and 𝑞  is very high, 

some of the participating viewers watch videos with ads whereas others subscribe to watch videos 

without ads, i.e., 𝑛𝑓 > 0 and 𝑛𝑠 > 0. MV’s domain is decreasing in k.   

 

Figure 2  Representation of different cases under the hybrid strategy  

When 𝑞  is low, the viewer valuation toward the videos of low quality is small, thus no viewers join 

the platform in equilibrium and the platform owner cannot earn any profit. When 𝑞  is moderate and 

𝑞  is relative small to 𝑘, no viewer watches video with ads because of the significant valuation loss 

due to the advertisement and no viewer subscribes because of the low valuation toward the videos. 

In FV case where the upper bound of the video quality 𝑞  is moderate to very high and the quality 

loss due to the advertisement 𝑘 is low, the viewers have a high valuation toward the videos and a 

low valuation loss due to the advertisement, which leads all of the participating viewers to watch 

videos with ads in equilibrium.   

  Now we discuss the choice of the revenue model of the platform owner when the quality of the 

videos on the platform is heterogeneous.   
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Observation 2. Platform’s profit-maximizing plan when the quality of videos is heterogeneous  

The pure advertising strategy is optimal when 𝑞  is moderate and 𝑘 is low. The hybrid strategy 

dominates when 𝑞  is moderate and 𝑘 is moderate. The pure subscription strategy is optimal when 𝑞  

is high.  

 

When 𝑞  is low or when 𝑞  is moderate and 𝑘 is relative large to 𝑞 , no viewers or video providers 

participate in the platform regardless of the revenue model adopted by the platform owner.   

When the upper bound of the quality 𝑞  is moderate and the quality loss due to the advertisement 𝑘 

is low-to-moderate, the platform owner can earn revenue by adopting the pure advertising strategy 

or the hybrid strategy. Because of the medium 𝑞 , the viewers have a low total valuation toward the 

videos on the platform. Therefore, the platform owner cannot earn any profit under the pure 

subscription strategy. Error! Reference source not found. indicates that a higher 𝑘 reduces the 

profit of the platform owner under the pure advertising strategy. With increasing 𝑘, the number of 

the views watched by the free viewers decreases but the payment rate to video providers increases, 

which results in a lower profit of the platform owner. Under the hybrid strategy, the platform owner 

has both of advertising and subscription as revenue sources. Thus, the decrease of advertising 

revenue with increasing 𝑘 can be moderated by the subscription revenue. As a result, the pure 

advertising is preferred when 𝑘 is low, and the hybrid strategy dominates when 𝑘 is moderate.   

When the upper bound of the quality 𝑞  is high, the platform owner can earn profit by adopting the 

pure advertising, the pure subscription or the hybrid strategy. The pure subscription dominates the 

pure advertising strategy when 𝑞  is high. The pure subscription strategy is also preferred to the hybrid 

strategy. Under the hybrid strategy, the viewers are offered with two options, which allow them to 

maximize utility but reduces the profit of the platform owner.   

5. Conclusion  
We study the choice of revenue model of the platform owner who considers adopting the advertising 

strategy, the subscription strategy, or the hybrid strategy. Under the pure advertising model, the profit 

of the platform owner increases with the video quality when the video quality is low and it decreases 

with the video quality when the video quality is high. But a higher video quality increases the profit 

of the platform owner under the pure subscription model. Therefore, the pure advertising strategy 

dominates when the video quality is moderate and the pure subscription strategy is more profitable 

when the video quality is high. The quality loss due to the advertisement facilitates the price 

discrimination of the platform owner under the hybrid strategy. When the video quality is medium 

and the quality loss due to the advertisement is medium, the hybrid strategy dominates the pure 

strategies.   

  

Figure  3    Representation of the optimal strategies    
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Abstract 
 

We develop an analytical framework to study the optimal procurement auction for WiFi capacity. 

Such an auction design is complicated by the fact that WiFi networks have much more limited spatial 

coverages compared with the cellular network. Neither a global auction that includes all WiFi 

hotspots nor multiple local auctions that include only hotspots in each local WiFi regions is optimal. 

We find that the optimal mechanism is an integration of one global auction which includes hotspots 

from an endogenously determined set of WiFi regions and many separate local auctions which are 

only held in the rest of the WiFi regions. 

 

Keywords: WiFi offloading, procurement auction, mechanism design 

 

1. Introduction 
We are witnessing an explosive growth of mobile data traffic driven by web surfing, video streaming, 

and online gaming largely due to the increasing popularity of smartphones. According to Cisco VNI 

Global Mobile Data Forecast Update (2016-2021), global mobile data traffic grew 63 percent in 2016 

and reached 7.2 exabytes per month at the end of 2016, up from 4.4 exabytes per month at the end 

of 2015. Moreover, mobile data traffic is expected to grow at a compound annual growth rate of 47 

percent from 2016 to 2021, reaching 49 exabytes per month by 2021. The huge amount of mobile 

data traffic poses a challenge to the network infrastructure: Cellular networks are overloaded and 

congested during peak hours because of insufficient capacity, which lead to poor user experience 

and churn. Several solutions have been proposed from both technical and economic aspects: (1) 

increasing the number of cellular towers or deploying the cell-splitting technology; (2) upgrading the 

network to fourth-generation (4G) networks such as Long Term Evaluation (LTE), High Speed 

Packet Access (HSPA) and WiMax; (3) expanding capacity by acquiring the spectrum of other 

networks, such as the attempted purchase of T-Mobile USA by AT&T; (4) adopting smart data 

pricing mechanisms (e.g. usage-based and app-based pricing plans) to constrain the heaviest mobile 

data users, instead of using flat-rate pricing plans with unlimited data; and (5) offloading data traffic 

to WiFi networks. Although all these solutions help alleviate the problem, each has its disadvantages. 

The first two solutions require large investments, and getting government approval for building new 

cell towers can take several years. From the economic perspective, it is extremely expensive to 

increase the number of cellular base stations just for peak traffic demands. As a result, all cellular 

networks augment the first two solutions with other approaches to expand capacity. The third 

solution suffers from regulatory constraints which is also reflected in the action taken by the FCC to 

block the recent merger between AT&T and T-Mobile. Although the average net benefits realized 

under congestion-based pricing tend to be higher than the average net benefits realized under flat-

rate pricing (Gupta et al., 2011), usage based plans may also backfire by singling out the smartphone 

users who have the highest potential for future revenue. 
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Because of these technical, economic and regulatory constraints, the fifth solution, using WiFi 

hotspots for mobile data traffic offloading, seems to be one of the most promising approaches in 

augmenting solutions (1) and (2). A straightforward approach is for the cellular service providers to 

build and manage their own hotspots. In fact, we have seen some pilot projects for self-managed 

hotspots (Aijaz et al. 2013). Even though the option of service providers directly managing hotspots 

is often available, it is quite expensive (Iosifidis et al., 2013) and thus may not be cost-effective. Paul 

et al. (2011) found that 28% of subscribers generate traffic only in a single hour during peak hours 

in a day. Clearly, building and managing hotspots just for that peak hour is not efficient. Offloading 

traffic to third party hotspots overcomes the obstacle of managing a hotspot and ensures the high 

availability of WiFi resources. This strategy could potentially be a win-win solution: The cellular 

service provider achieves significant savings by not building more cellular base stations or hotspots 

just for the peak traffic demands. The WiFi hotspots gain additional revenue by sharing their 

otherwise wasted spare capacity. Indeed, such practice of sharing unused capacity is gaining traction 

in the industry (e.g., Airbnb, Uber, etc.) thanks to the advancement in technology. 

 

We follow this paradigm of sharing economy and focus on offloading mobile traffic to third-party 

WiFi hotspots owned by entities such as local restaurants, bookstores, and hotels. Cellular service 

providers have shown great interests in such an approach. For example, KDDI Corporation, a 

principal telecommunication provider in Japan, has cooperated with about 100,000 commercial WiFi 

hotspots by March 2012 (Aijaz et al., 2013). However, offloading data traffic to third-party WiFi 

hotspots is not purely a technology augmenting the existing cellular network. Considering the 

economic incentives of third-party WiFi hotspots, WiFi offloading is also a practical mechanism 

design problem and requires the combination of both computing technology and economic theory to 

effectively leverage WiFi capacity. Because WiFi capacity is a type of product with quite 

standardized characteristics, competitive bidding should be a better way to select the lowest cost 

bidder than negotiations.  

 

This study aims to design the optimal procurement auction for WiFi resources. In particular, we 

propose the integration of a global auction which includes hotspots from different regions and local 

auctions which are only held in specific regions to minimize the procurement cost. This integration 

of global auction and local auction in the optimal procurement auction is both theoretically 

interesting and practically important. It is the consequence of two unique features of procuring WiFi 

capacity for mobile traffic offloading: 1) the coupling of local auction because of the existence of the 

more flexible cellular capacity; 2) the heterogeneity both in the demand for mobile bandwidth and 

in the supply of WiFi capacity in different regions. More specifically, because WiFi networks usually 

have a more limited range than cellular resources, the range of a cellular tower should be partitioned 

into several WiFi regions. The cellular capacity can serve data traffic in any region, whereas the WiFi 

resource can only serve local traffic. Buying more resources from one local WiFi hotspot frees up 

more in-house cellular capacity to serve unsatisfied demand in other WiFi regions. On the other hand, 

implementing a global auction may not always be feasible because WiFi capacity in one region 

cannot be transferred to other regions. This inflexibility causes difficulty for implementing a 

completely global auction when regions with heavy mobile traffic have insufficient WiFi capacity 

while those with light mobile traffic have excessive WiFi capacity. Our results suggest that when the 

cellular capacity owned by the cellular service provider is large relative to the demand for mobile 

data, the optimal procurement mechanism is a simple global auction including all WiFi hotspots in 

different regions. However, when the cellular capacity is small relative to the demand, the optimal 

procurement mechanism is more complicated: one should run a global auction on a set of regions but 
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run several local auctions on the rest of the regions. Hence, with today’s heavily overloaded cellular 

networks, designing procurement mechanism to optimally integrate global auction with local 

auctions is particularly important. 

 

2. Model 
 

A cellular network provides service to its customers who demand bandwidth. We think of the packets 

requested by the consumers as being serviced in a queuing system. The expected waiting time a 

typical customer experiences can be written as 𝑊(𝜇), where 𝜇 is the service capacity. Clearly, 

𝑊(𝜇) should be decreasing in 𝜇 and be bounded below. We further make the technical assumption 

that 𝑊(𝜇) is twice differentiable and is strictly convex in 𝜇:  

𝑑𝑊

𝑑𝜇
< 0,

𝑑2𝑊

𝑑𝜇2
> 0. 

This is a mild technical assumption which is satisfied, for example, by an 𝑀/𝑀/𝑐 queue. Given the 

expected waiting time, the cellular service provider incurs a cost of 𝜒(𝑊), which is a strictly 

increasing function of 𝑊. To capture the rapidly rising cost of service degradation due to customers’ 

increased expected waiting time (e.g., dissatisfied customers, or churn), we assume the function 𝜒(⋅
) is convex. For convenience, we refer to the composition of 𝜒(⋅) and 𝑊(⋅) as 𝜔(𝜇) ≡ 𝜒(𝑊(𝜇)). 
It is straightforward to show that 𝜔(𝜇) is strictly decreasing and strictly convex in 𝜇. Although both 

cellular resource and WiFi resource can be used to meet the user demand, they have different spatial 

coverages. In suburban areas, a typical cellular base station covers 1-2 miles (2-3 km) and in dense 

urban areas, it may cover one-fourth to one-half mile (400-800 m). A typical WiFi network has a 

range of 120 feet (32 m) indoors and 300 feet (95 m) outdoors. To model this unique feature of 

bandwidth supply, we partition a cell sector into several regions so that WiFi hotspots within the 

same region are relatively close together. In particular, we assume the cell sector can be divided into 

𝑀 WiFi regions. Cellular resources can serve traffic in any region 𝑚, whereas WiFi hotspots in 

region 𝑚 can only serve local traffic. A unique challenge in the procurement auction is that the 

longer range cellular resource introduces coupling between the shorter range WiFi hotspots. The 

procurement problem in one WiFi region is not independent of the procurement problem in another 

region, because purchasing more WiFi capacity from a local WiFi hotspot in one region frees up 

more cellular capacity that can be used to serve the demand in another region. Serving mobile 

demand for the cellular network provider incurs cost to a hotspot which differs among hotspots. We 

assume the cost function for hotspot 𝑖 to provide capacity 𝑄 to the cellular network is  

𝐶(𝑄, 𝜃𝑖) ≡ ∫
𝑄

0

𝑐(𝑞, 𝜃𝑖)𝑑𝑞, 𝑖 = 1,2, . . . , 𝑁. 

where 𝑐(𝑞, 𝜃𝑖) ≥ 0 is the marginal cost function for hotspot 𝑖, and 𝜃𝑖 reflects each hotspot’s private 

information about the cost of WiFi service rate provision which might differ among different hotspots. 

In reality, the private information 𝜃𝑖  can be interpreted as each hotspot’s sensitivity to its WiFi 

congestion rate. We assume 𝑐𝑞(𝑞, 𝜃𝑖) ≥ 0 to capture the fact that the marginal cost of providing 

capacity for each hotspot increases as more capacity is provided to the cellular network. Marginal 

costs are increasing and convex in the cost parameter, 𝑐𝜃 ≥ 0, 𝑐𝜃𝜃 ≥ 0. Hotspots’ cost parameters 

are independently and identically distributed with a continuously differentiable cumulative 

distribution function 𝐹(⋅) defined on [𝜃, 𝜃 ] which is common knowledge. Following the literature 

(e.g., Dasgupta and Spulber 1990), we assume 𝑐𝑞𝜃 ≥ 0  and that 𝐻(𝜃) ≡ 𝐹(𝜃)/𝐹′(𝜃)  is an 

increasing function of 𝜃 which is satisfied by common distribution functions such as the uniform 

distribution. Finally, let 𝜃∗ be the cost parameter of a hotspot who is indifferent between bidding 
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and not bidding. Hence, any hotspot with 𝜃 > 𝜃∗ will not participate in the auction. Our assumption 

on the structure of hotspot cost is essentially that the marginal cost function of all hotspots can be 

approximated using a one-parameter function family. It is assumed for modeling convenience and is 

a limitation of our model. Because a WiFi hotspot usually obtains its WiFi capacity from a broadband 

Internet service provider (ISP), we also assume that a hotspot only gets a proportion (�̃� ∈ (0,1)) of 

the payment from cellular service provider for the WiFi capacity. The other proportion (1 − �̃�) goes 

to the hotspot’s Internet service provider. We define 𝛼 = �̃�−1  for notational convenience. The 

objective of a hotspot is to maximize its payment from the cellular service provider (i.e., the 

auctioneer) minus its cost of providing the WiFi capacity and its payment to the ISP. 

 

To determine the optimal auction mechanism, we first need to determine the value of procuring WiFi 

capacity. Let 𝑦𝑚  be the amount of WiFi capacity the cellular service provider purchased from 

hotspots in region 𝑚, and let 𝑦 = ∑𝑀
𝑚=1 𝑦𝑚 be the total WiFi capacity purchased in all regions. We 

write the congestion cost of each region, 𝜔𝑚, as a region specific function of 𝑦𝑚 + 𝜇𝑚, for 𝑚 =
1,⋯ ,𝑀. For example, different regions might have different customer demand rate and/or different 

weights from the provider’s perspective. The total congestion cost can be written as  

𝐽(𝑦1⋯ , 𝑦𝑀) = Min𝜇1,⋯,𝜇𝑀 ∑

𝑀

𝑚=1

𝜔𝑚(𝜇𝑚 + 𝑦𝑚) 

𝑠. 𝑡. ∑𝑀
𝑚=1 𝜇𝑚 ≤ 𝜇, 𝜇𝑚 ≥ 0, for 𝑚 = 1,2, . . . 𝑀, (1) 

where 𝜇𝑚 is the amount of cellular capacity allocated to region 𝑚. This formulation is fairly general. 

For example, the cellular service provider may use the same structure of cost function but place 

different weights on different region, depending on the importance of each region or the customer 

volume of each region. Alternatively, the cellular service provider may impose completely different 

cost function for different regions. The objective of the cellular service provider is to minimize the 

total cost, which includes the congestion cost and the procurement cost. The cellular service provider 

follows a two-step decision procedure: In the first stage, it purchases WiFi capacity from hotspots in 

different regions. In the second stage, the cellular service provider allocates cellular resources across 

regions.  

 

When the non-negativity constraints on 𝜇𝑚 are not binding, we call the resulting auction mechanism 

global auction. Our first proposition completely characterizes the solution to the service provider’s 

second-stage problem. 

  

Proposition 1 Under global auction, the optimal cellular resource allocation is given by  

𝜇𝑚
∗ = 𝜙𝑚(Ψ(𝑦 + 𝜇)) − 𝑦𝑚 , where 𝜙𝑚(⋅)  is the inverse of 𝜔𝑚

′ (⋅)  and Ψ(⋅)  is the inverse of 

Φ(𝜈) ≡ ∑𝑀
𝑚=1 𝜙𝑚(𝜈) . The optimal congestion cost is 𝐽(𝑦) ≡ ∑𝑀

𝑚=1 𝜔𝑚(𝜙𝑚(Ψ(𝑦 + 𝜇))). 
Moreover, 𝐽(𝑦) is decreasing and convex.   

 

Intuitively, when condition (2) is satisfied, WiFi resource in one region is a perfect substitute of WiFi 

resource in another region, from the perspective of the cellular service provider. Given our solution 

for the second-stage problem, the first-stage problem is a direct revelation game in which hotspots 

truthfully report their types in the Bayesian Nash equilibrium. The next proposition characterizes the 

optimal auction when there are regions.  

 

Proposition 2  When M=2, the optimal quantity function 𝑞𝑖
∗∗ is determined by  

 −Ψ(𝜇 + ∑𝑁
𝑖=1 𝑞𝑖

∗∗) = 𝛼𝑐(𝑞𝑖
∗∗, 𝜃𝑖) + 𝛼𝑐𝜃(𝑞𝑖

∗∗, 𝜃𝑖)𝐻(𝜃𝑖), ∀𝑖 = 1,⋯ ,𝑁, 
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 if the resulting �̂�1 and �̂�2 are both non-negative, and is determined by  

−𝜔𝑚
′ (𝜇𝟏�̂�𝑚>0 + ∑𝑖∈𝐸𝑚 𝑞𝑖

∗∗) = 𝛼𝑐(𝑞𝑖
∗∗, 𝜃𝑖) + 𝛼𝑐𝜃(𝑞𝑖

∗∗, 𝜃𝑖)𝐻(𝜃𝑖), ∀𝑖 ∈ 𝐸𝑚, 𝑚 = 1,2 (2) 

 otherwise, where 𝟏�̂�𝑚>0 is the indicator function for �̂�𝑚 > 0. 

The optimal total payment schedule 𝑃𝑖
∗∗(𝜃𝑖 , 𝜃−𝑖), for 𝑖 = 1,2, . . . 𝑁, is given by:  

 𝑃𝑖
∗∗(𝜃𝑖 , 𝜃−𝑖) = 𝛼 (𝐶(𝑞𝑖

∗∗, 𝜃𝑖) + ∫
𝜃∗

𝜃𝑖
𝐶𝜃(𝑞𝑖

∗∗, 𝜃)𝑑𝜃). 

 

The basic idea of the above proposition is that the “virtual” marginal costs must be equalized across 

all hotspots in all regions at the optimal. However, this is distorted because the optimal global auction 

is not always feasible because WiFi resource in one region cannot be directly transferred to another 

region to serve customer demand. Intuitively, the optimal auction should be designed so that the 

cellular resource allocation is as close to the allocation in the global auction as possible. This quantity 

schedule is designed to mimic that in the global auction. To ensure that this distorted allocation 

schedule remains incentive compatible, we need to ensure that the quantity schedule is non-

increasing in hotspot type. Fortunately, we can show that the proposed optimal quantity schedule in 

Proposition 2 is continuous everywhere, which essentially upgrades local monotonicity into global 

monotonicity. 

 

As we noted, the above auction mechanism has a nice economic interpretation as the integration of 

global auction and local auctions. Whenever the feasibility condition is satisfied, the mechanism is 

equivalent to the global auction that includes all hotspots from both regions. Whenever the feasibility 

condition is violated, the optimal mechanism is to allocate all cellular capacity to one region and to 

organize one local auction for each region. This integration of global and local auctions in the optimal 

procurement auction is the consequence of two unique features of procuring WiFi capacity for mobile 

traffic offloading: 1) the coupling of local auction because of the existence of the more flexible 

cellular capacity; and 2) the heterogeneity of demand for mobile bandwidth and supply of WiFi 

capacity in different regions. It should be clarified, however, that there is only one auction, and the 

choice between running a global auction and running two local auctions is endogenously determined 

by the auctioneer based on the realization of hotspots’ cost parameters. 

 

With more than two regions, the basic idea of integrating multiple local auctions and one global 

auction remains the same, although the optimal grouping of WiFi regions becomes more complicated. 

We denote by 𝑅𝑔  the set of regions where cellular capacity will be allocated (i.e., regions that 

participate in global auction) and denote by 𝑅𝑙 the set of regions where cellular capacity will not be 

allocated (i.e., regions that participate in local auctions). The optimal auction involves one local 

auction for each region in 𝑅𝑙 where no cellular resource will be allocated and one global auction for 

all regions in 𝑅𝑔 where all cellular resource will be allocated. Clearly, the key to the optimal auction 

design is to optimally divide the set of regions into 𝑅𝑔 and 𝑅𝑙. Our next results shows how 𝑅𝑔 and 

𝑅𝑙 should be constructed, which effectively determine the optimal auction. 

 

Proposition 3  Given 𝑀 ≥ 2 and (𝜃1, ⋯ , 𝜃𝑁), the optimal quantity schedule 𝑞𝑖
∗∗ is given by  

 −Ψ(𝜇 + ∑𝑖∈𝐸𝑚 ,𝑚∈𝑅𝑔 𝑞𝑖
∗∗) = 𝛼𝑐(𝑞𝑖

∗∗, 𝜃𝑖) + 𝛼𝑐𝜃(𝑞𝑖
∗∗, 𝜃𝑖)𝐻(𝜃𝑖), ∀𝑖 ∈ 𝐸𝑚, 𝑚 ∈ 𝑅𝑔 

 −𝜔𝑚
′ (∑𝑖∈𝐸𝑚 𝑞𝑖

∗∗) = 𝛼𝑐(𝑞𝑖
∗∗, 𝜃𝑖) + 𝛼𝑐𝜃(𝑞𝑖

∗∗, 𝜃𝑖)𝐻(𝜃𝑖), ∀𝑖 ∈ 𝐸𝑚, 𝑚 ∈ 𝑅𝑙 

 where 𝑅𝑔 and 𝑅𝑙 are constructed through the following iterative procedure:   

    • (0): Let 𝑘 = 𝑀, 𝑅𝑔
𝑀 = {1,2,⋯ ,𝑀}, and 𝑅𝑙

𝑀 = ∅.  

    • (1): If 𝑅−
𝑘 = ∅, let 𝑅𝑔 = 𝑅𝑔

𝑘 and 𝑅𝑙 = 𝑅𝑙
𝑘. Stop the procedure.  
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    • (2): If 𝑅−
𝑘 ≠ ∅, let 𝑅𝑔

𝑘−1 = 𝑅+
𝑘 and 𝑅𝑙

𝑘−1 = 𝑅𝑙
𝑘 ∪ 𝑅−

𝑘. Decrease 𝑘 by 1 and repeat (1).  

 

 

 3. Conclusion 
 

In the present study, we designed an optimal auction mechanism for WiFi procurement so that 

cellular service providers can offload mobile data. The integration of both cellular and WiFi 

resources significantly improves mobile bandwidth availability. A unique challenge in this 

procurement auction is that the longer-range cellular resource introduces coupling among the shorter 

range WiFi hotspots. We solved for the optimal auction mechanism and show that the optimal auction 

can be interpreted as an endogenously determined combination of a global auction and many local 

auctions. 
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Abstract 

Our work is to study the optimal pricing strategy when the firm upgrades their product in the 

presence of piracy. The traditional business model is the firm only provides a discount upgrade price 

for the existing legal users. However, a recently practical example is the firm provides upgrade 

prices for all users whether their products are legal or illegal. Therefore, we develop a two-period 

model to examine this problem. We derive the equilibrium market structure and the equilibrium 

prices. Additionally, we obtain the optimal piracy cost under different conditions.  

  

Keywords: Upgrade, Software piracy, Pricing strategy, Forward-looking consumers 

 

 

1. Introduction 

Software piracy is becoming a major concern for information goods providers and government. To 

combat the piracy, the software providers frequently provide updates and patches to upgrade their 

existing software. The purpose is to increase the attractiveness of the legal product and to improve 

network security. Usually, the forward-looking firm should set the price of the current period product 

to maximize their total profits. Likewise, the forward-looking consumers decide to buy or to wait to 

tradeoff their benefit. The traditional pricing strategy is to offer older consumers a discount upgrade 

price. However, the piracy behavior would affect consumer decision and the firm’s policy. Therefore, 

whether this pricing strategy is available in the presence of piracy?  

In order to combat the piracy and increase the population of legal users, consider the recently 

experienced by Microsoft. On July 29, 2015, Microsoft was offering free Windows 10 upgrades to 

those running Windows 7, Windows 8.1 and Windows phone 8.1 for one year. The most critical 

impact of this decision was that the principal of Windows 10 Terry Myerson announced that they 

will provide a discount upgrade price for pirated Windows 7 and Windows 8. Users need to validate 

their operation system before they upgrade. Note that the users of Windows XP would not be able to 

upgrade their systems immediately. This decision is difficult to subscribe because it may encourage 

the pirated Windows 7 or Windows 8. As a difficult issue, not only Microsoft but also any software 

firm faces. For the firm, a complicated trade-off should be considered. On one hand, the purpose of 

the firm is to increase the legal upgrade users to obtain their future profits due to the add-on. 

Providing a discount upgrade price for pirated product may make pirates purchase the legal upgrade 

product. On the other hand, it may postpone users to use the legal product and the piracy may increase 

if the forward-looking consumers believe it is more profitable to use the pirated product initially. 

Thereby, what is the optimal pricing strategy when the firm provides upgrade in the presence of 

piracy has become a critical issue. In particular, our research focuses on the following critical 

questions. First, what are the market structure and the optimal pricing strategy when the firm provides 

upgrade strategy? Second, what is the optimal piracy cost? 

The rest of this paper is organized as follows. A review of literature relevant to the software upgrade 

and piracy is presented in section 2. We describe a model which the firm provides an upgrade price 

for pirated product in section 3. The conclusion is discussed in section 4. 
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2. Literature Review 

This research draws mainly on two streams of literature in upgrade and piracy: (1) the economic 

impact of upgrade strategy, (2) the economics of mitigating piracy. 

The first stream of literature relevant to our work is related to the economic impact of software 

upgrade strategy. One main aspect is to investigate the upgrade pricing strategy. For example, Bala 

and Carr (2009) explore the optimal upgrade pricing strategy by describing the relationship between 

the equilibrium pricing structure and the increase in the quality improvement. They obtain that the 

upgrade pricing is optimal if the product improvement is minor or large, and it is a suboptimal choice 

for the moderate upgrades. Another main aspect is the optimal timing of investment in upgrade. 

Mukherji et al. (2006) propose a decision support model to demonstrate that continuous upgrading 

is not an optimal strategy under the large adoption costs. Our work is different on another dimension 

as it incorporates piracy behavior that would affect consumer decision and the firm’s policy.  

The second stream of extant work relevant to our research is information product piracy. 

Comprehensive surveys of pricing strategy on piracy have been studied by Waters (2015). Broadly, 

some literature examines the effects of piracy either from the perspective of content provision (Lahiri 

and Dey, 2013) or from that of copyright protection (Chen and Png, 2003). In addition, the role of 

commercial piracy is explored by Tunca and Wu (2013). They prove that more individual piracy or 

a lower detection and prosecution rate for individual piracy could increase the profits of a legal 

publisher in the presence of commercial piracy. 

In the context of the network security, August and Tunca (2008) examine whether a firm should 

provide security patches to illegal users. Their work presents a joint model of negative network 

security externalities and software piracy. Unlike August and Tunca (2008), Lahiri (2012) considers 

both negative and positive network effects and considers both security fixes and functionality 

enhancements. Their work aims at answering whether the piracy has positive effect on software 

patches under the positive network effects. In contrast with these previous studies, our work 

complements the existing literature by examining the possible effect of product upgrade on the 

mitigating piracy. Note that the pirated product may be legal after consumers upgrade their product. 

In this paper, we study the optimal pricing strategy when a firm upgrades their product. 

 

3. Model 

Consider a software market with two quality differential competing products, the original product A 

and the pirated product P. Firm licenses an upgrade for both products and the improved version 

product is legal. In this paper, we assume that the newly developed product cannot be immediately 

pirated regardless of how smart the pirates are. This is consistent with the recent research (Kogan et 

al. 2013). According to the characteristic of software product, we assume all products development 

costs are sunk and the marginal reproduction costs are zero. Prices are announced at the beginning 

of providing products. Firm cannot set prices based on consumers’ type while the firm knows 

consumers’ distribution.  

This model has two periods. In the first period, the firm offers an original product of quality 1 0q   

at a price 0p  . Meanwhile, a pirated product of quality 2 0q   can be used. It is worth noting that 

the quality of pirated product is lower than that of the original product, that is, 2 1q q . We denote 

each period piracy cost by / 2 0r  . Both of the two products offer a utility of f  without any 

misfit costs. In the second period, firm offers an improved version product of quality uq  at a price 
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np . However, consumers who purchase the original product in the first period are allowed to upgrade 

to the improved version at a price upp . Firm charges an upgrade price rp  for those who use the 

pirated product in the first period, where up r np p p   so that it is rational to provide the discount 

for the existing consumers and it is more favorable to the previous purchasers of the firm’s product. 

The improved version product provides a utility of uf  in this period, where uf f . In addition, we 

assume consumers incur an upgrade cost c  if consumers use improved version product in the second 

period. This is because software upgrade usually requires the higher configuration of the hardware. 

We also assume that the firm offers one version product in either period and consumers may not use 

completely in two periods. Each consumer uses at most one unit product in each period. 

Consumers are heterogeneous in product preferences and consumers’ product preference t  is 

uniformly distributed along a unit line (Hotelling 1929), with the legal product located at 0 and the 

pirated product located at 1. If there exists the differential between the reality product and the ideal 

product, it will incur a misfit cost. This cost is the distance between the product and the consumers’ 

location.  

In this model, there is a game between the firm and its potential consumers. We assume complete 

information and adopt the subgame perfection equilibrium. Thus, this game can be solved by using 

backward induction. Under this model, there will be four decision stages. First, firm announce price
p . Second, consumers make their first period use decisions. In this period, consumers have three 

options. Buy original product or use pirated product or do not use. Third, firm selects price upp , 
rp  

and np . Fourth, consumers make their second period use decisions. In the second period, two choices 

are provided, to continue to use the current version product or to purchase the upgrade version 

product. The firm and consumers are forward looking, and consumers make decisions based on the 

future period options available to them. Forward looking consumers could anticipate the future prices 

at the beginning of the first period. Hence they maximize their total utility among the following 

options. This gives a total of six choices to consumers. These options and corresponding utility are 

following.  

1. Buy original product in the first period and not upgrade in the second period. The utility is 

1 1f q t p f q t      . 

2. Buy original product in the first period and upgrade in the second period. The utility is 

1 u u upf q t p f q t p c        . 

3. Use pirated product in the first period and not upgrade in the second period. The utility is 

2 2(1 ) / 2 (1 ) / 2f q t r f q t r         . 

4. Use pirated product in the first period and upgrade in the second period. The utility is 

2 (1 ) / 2 u u rf q t r f q t p c         . 

5. Not use any product in the first period and purchase the upgrade version product in the second 

period. The utility is u u nf q t p c    . 

6. Not use completely in two periods. The utility is zero. 

Note that each of the above six utility is a continuous of t , thus some of the above options may be 

dominated by others and may not exist. The following lemma elaborates the absence options. 

Lemma 1. No consumers will choose option 1 and option 6 under the optimal pricing. 
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Lemma 1 states option 1 is always dominated by option 2. The intuition is as follows. The forward-

looking firm will carefully set a price upp  such that all previous purchasers pay for the upgrade 

version product, or else the firm will lose a part of profit. On the other hand, the utility of all 

consumers who choose option 4 is identical, because this utility is independent of t . The utility of 

option 4 is positive as the existence of option 4 is to upgrade the pirated goods. Consequently, option 

6 with zero utility is dominated by option 4. Hence, the remaining options can be arranged depending 

on the coefficient t . The market structure locates in the order option 2, 5, 4, 3 from the left. The 

market structure is depicted in Figure 1. Note that it does not imply that all the four segments must 

exist. Next we will discuss the existing market structure. 

Pirated (P) 

products’
position 0 1

1 2 3

Legal 

products’
position

Segment A:

Option 2

Segment B:

Option 5

Segment C:

Option 4

Segment D:

Option 3

 
Figure 1. Market Structure Under Competition 

In Figure 1, the boundary point 1 , 2 , 3  separate the four segment. Firm determines the second 

period price to maximize the profit based on the incentive compatibility (IC) and individual 

rationality (IR) constraints. We derive the price constraints as follows. 

1 1 1[ , 2 ]up u u u up min f q f q c f q p f q c           , 

2n u up f q c    , 

3 2 2[ 2 1 / 2, 1 / 2 ].r u u u up min f q c f q r f q r f q c             
 

Given the second period price, the conditions of indifferent points can be described by using the 

following equations. 

1 1 12 u u up u u nf q p f q p c f q p c             , 

2 2 1 / 2u u n u u rf q p c f q r f q p c            , 

2 2 31 / 2 2 2 2(1 )u u rf q r f q p c f q r            . 

From all the above conditions, an equilibrium can be described by 1 2 3     or 1 2 3    . 

This implies that the segment B may disappear in some certain conditions. In order to make our 

model realistic to analyze these two competitive products, we make an assumption as follows. 

Assumption 1. The market is not fully covered in the first period.  

This assumption means some consumers do not use product completely in the first period. It 

conforms to the realistic market. The segment B exists under this assumption. In other words, the 

situation of 1 2 3   
 
is eliminated. It further ensures the order 1 2 3    .  

Based on the assumption, we can derive the following Proposition. 

Proposition 1. The only possible market structure ABCD is derived for upgrades strategy. 

According to the result of the Proposition 1, the market structure is determined. We analyze the firm’s 

decision problem in the following. 

Consumers in segment A purchase the original product in the first period and consumers from 

segment A, B and C use the improved version product in the second period. We adopt backward 
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induction to solve this game. Let i  be the firm’s period- i  profit, where 1, 2i  . First, the optimal 

profit in the second period is 

2 1 2 1 3 2( ) ( )up n rp p p          , 

. .0 up r ns t p p p   . 

Second, an equilibrium is derived by maximize the total profit   over two periods as follows. 
*

1 2p    , 

where 
*

2  is the firm’s equilibrium profit in the second period.  

In the market structure ABCD, in order to ensure the positive demand of each part, it satisfies the 

condition 1 2 3 1     . However, we only guarantee the condition 3 1 
 
because the constraint 

up r np p p 
 
is a sufficient condition of constraint 1 2 3    . Solving above the optimal problem, 

equilibrium prices and indifferent points can be obtained. We state it in the following Proposition. 

Proposition 2. Equilibrium prices for the competitive upgrade pricing and the corresponding 

indifferent points are  
*

1 2(38 28 10 10 5 ) / 20p f q q r     ,
*

1up u up f q f q c     ,

*

1 2(20 20 20 4 6 10 10 5 ) / 20n u up f q c q f q r        ,
*

2 1 / 2r u up f q r f q c       , 

*

1 1(2 2 ) / 5f q   ,
*

2 1 2( 6 4 10 10 5 ) / 20f q q r       ,
*

3 2( 2 2 2 ) / 2f q r      .  

Where 10 5 / 2f q    and 1 2 1 2 2(14 4 10 10) / 5 [4 2 2 2,2 2 ].f q q r min f q q f q          

From proposition 2, we know that the firm adopts an upgrade pricing strategy for pirated product if 

and only if the parameter ranges are satisfied. The purpose of adopting upgrade pricing strategy is to 

increase the market share in the second period. When the quality of the original product is moderate 

and the piracy cost is relatively high, all consumers pay the upgrade product. On the other hand, 

when the quality of the original product is minor or moderate, some pirates continue to use the pirated 

product in the case of relatively low piracy cost. Overall, the piracy cost and the original product’s 

quality act as an important role in determining the equilibrium upgrade prices. 

Substituting the above equilibrium prices into the profit function, we can derive 
2

* 1 1 2 1 2 232( ) (14 4 10 10 5 )(15 18 12 30 30) 200( )( 2 2 2 )
.

400

u uf q f q q r r f q q f q c f q r


                


 

Then we solve the first order conditions of the profit function with respect to the piracy cost r . We 

can derive the following conclusion. 

Proposition 3.  

(a) When either (1) 11 3 / 2f q    and 1 3/ 2,u uf q c f q c      or (2) 10 1f q    and 

1 13( ) / 2u uf q c f q f q c      
  

are satisfied, the optimal piracy cost is described by 

22( 1) 4( ) / 3u ur f q f q c      . 

(b) If the conditions (1) 11 3 / 2f q    and 3/ 2,u uf q c    or (2) 13/ 2 5 / 2f q    and 

1u uf q f q c   
 
are satisfied, the optimal profit is increasing in the piracy cost and the optimal 

piracy cost is 22 2r f q  . 
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(c) If the conditions 10 1f q    and 13( ) / 2u uf q f q c     are satisfied, the optimal profit 

increases with the piracy cost and the optimal piracy cost is 1 24 2 2 2r f q q    . 

Proposition 3 shows the optimal piracy cost under the different conditions. In fact, the value of 1f q  

determine the range of piracy cost and the value of u uf q  is the important factor in determining 

the optimal enforcement level. Proposition 3 also means that the firm provides a minor or moderate 

upgrade, increasing the piracy enforcement can increase the firm’s profit for the relatively low piracy 

enforcement and vice versa. On the contrary, for the large upgrade, it is optimal for the firm to 

increase the piracy enforcement.  

 

4. Conclusion
 This paper studies the pricing strategy when a software provider provides an upgrade in the presence 

of piracy. We develop a two-period model where the firm and consumers are forward-looking. In this 

case, we derive the equilibrium market structure and the optimal pricing strategy. In addition, we 

obtain the optimal piracy cost under different market conditions. 
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Abstract 
 

The strategic use of first-party products becomes more and more important for two-sided platforms. 

In this study, a two-stage model is adopted to investigate the optimal release and pricing strategy 

for platform owner’s first-party products. We find that whether the platform should release first-

party products or not depends on the intensity of cross-market network effects and the amount of 

profit derived from each third-party seller. Besides, it is analytically shown that if the platform owner 

prefers to release first-party products in both stages, it should set a lower price in the first stage to 

attract more buyers joining the platform, and a higher price in the second stage.  

 

Keywords: Platform, First-party Products, Release and Pricing Strategy, Two-stage Model 

 

1. Introduction 
In the era of digital economy, two-sided platforms have witnessed strong growth. Transactions 

between millions of sellers and tens of millions of buyers are accomplished through the connection 

of internet platforms. For instances, the number of cumulative apps downloads from the Apple App 

Store reached 140 billion from July 2008 to September 2016, and in January 2017 2.2 million mobile 

apps were available to download for various iOS devices (Statista, 2016). The number of active 

buyers on eBay reached 162 million in the first quarter of 2016 (eBay Press Release, 2016).  

Some platform owners purchase products from suppliers and resell them to buyers, or develop 

products by themselves and provide them to buyers, such as Netflix, Eastbay, Apple iTunes, Best 

Buy, and Walmart. These products are sold as first-party products. And some platform owners adopt 

agency selling mode in which suppliers can sell directly to buyers via the platforms, such as Taobao, 

eBay, Airbnb, Uber, and Flipkart. These suppliers are referred to as third-party sellers and their 

products are sold as third-party products. Platform owners such as Amazon, Jingdong, Apple App 

Store, and Google Play provide first-party products and at the same time allow third-party sellers to 

sell third-party products through its platform.  

In different platform development stages, a platform owner often adopts different release 

strategies for first-party products to achieve various short-term purposes, including attracting 

suppliers or buyers, brand building, etc. For example, Jingdong, a famous Chinese e-retailer, was 

started as a pure reseller which mainly focused on sales of the 3C (Computer, Communication and 

Consumer Electronics). However, in 2010, it established POP (Platform Open Plan) business 

department and let suppliers have direct access to their buyers (Jingdong, 2017). In the third quarter 

of 2016, its GMV (Gross Merchandise Volume) from the sales of the third-party products (excluding 

virtual items) totaled RMB 68.8 billion, accounting for 44% of the total GMV (Jingdong, 2016). 

Similarly, in Game Creators Conference 2017, Nintendo announced that they would encourage 

independent developers to join in the platform (Whitehead, 2017), though it mainly relied on first-

party games before. On the contrary, the largest cosmetic limited-time sale store in China, 

JUMEI.com, decided to close all the third-party stores and offer all makeup products through 
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reselling mode in 2014. Before that, around 30% of its makeup products were offered directly by the 

third-party sellers. (Beauty Packaging, 2014)  

This paper studies the platform owner’s optimal release and pricing strategies for first-party 

products. We first build a two-stage model to analyze the platform’s optimal decision on whether or 

not to release first party products in each stage. Afterwards, we solve the optimal prices for the first-

party products and investigate the impacts of cross-market network effects on the platform’s first-

party products release and pricing strategy.  

 

2. Related Literature 
Our study contributes to the growing literature on two-sided platform (Caillaud and Jullien, 2003; 

Rochet and Tirole, 2003; Parker and Van Alstyne, 2005; Armstrong, 2006; Eisenmann et al, 2006; 

Weyl, 2010; Zhu and Iansiti 2012). Armstrong (2006) studies platform pricing under competition in 

two-sided markets and identified the determinants of equilibrium prices. Rasch and Wenzel (2013) 

study the impacts of software piracy on equilibrium price structure in a two-sided market, and show 

that license fees charged to developers increase with protection while user prices may fall with it. 

Chen et al. (2016) compare two different revenue models of online consumer-to-consumer (C2C) 

platforms. eBay charges sellers on a transaction basis (brokerage model) while Taobao benefits from 

advertising services and provide basic platform service for free (advertising model). It is proved that 

social welfare is more under the advertising model than under the brokerage model.  

The present research is closely related to the prior literature on first-party products. Hagiu and 

Spulber (2013) take platform’s investment on first-party content into account and find that the 

amount of investment depends on the relationship between first-party content and products offered 

by third-party sellers, and is also related to the type of consumer expectation. Chao and Derdenger 

(2013) study mixed bundling of platforms and first-party products or services in two-sided markets 

with installed base effects and show that mixed bundling, as a price discrimination tool, can 

efficiently divide the market. Hagiu and Wright (2015) find the key factors which drive a platform 

intermediary closer to reselling or closer to agency selling and offer managerial insights on what 

types of products should be sold under agency selling.  

This study is different from the prior literatures on research question, model setup, and main 

findings. We focus on the platform’s release and pricing strategy for first-party products. And by 

adopting a two-stage model, the changes of platform’s strategies over time are investigated.  

 

3. Model Setup  
In this study, we consider a monopoly platform owner which connects independent third-party sellers 

and buyers. All the third-party sellers are assumed to sell substitutable products. The platform owner 

could choose to offer or not offer a product substitutable to the products of the third-party sellers. To 

investigate the possible changes of platform owner’s strategy over time, a two-stage model is adopted 

in this study. At the beginning of each stage, the platform make decides on whether to provide the 

first-party products or not and set the price for the first-party products if they are provided. The 

numbers of buyers and sellers participating in the platform in stage 𝑖 (𝑖 ∈ {1,2}) are denoted by 𝑚𝐵
𝑖  

and 𝑚𝑆
𝑖 , respectively. The first-party products are priced at 𝑝𝑖 in the i-th stages. Without loss of 

generality, the marginal production cost for each unit of product is assumed to be zero.  

The number of buyers who purchased the first-party products in the first stage is  

𝑚𝐵
1 = 𝐷𝐵 − 𝛼𝐵𝑝1,      (1) 

where 𝐷𝐵 > 0 is the maximum number of buyer purchasing first-party products, and 𝛼𝐵 > 0 is a 

parameter representing the impact the price on the number of buyers.  
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The number of sellers participating in the platform will increase with the price of the first-party 

products, and thus it takes the following form: 

𝑚𝑆
1 = 𝐷𝑆 + 𝛼𝑆𝑝1,      (2) 

where 𝐷𝑆 > 0 is the minimum number of sellers who join the platform when the first-party product 

is free, and 𝛼𝑆 > 0 is a parameter representing the impact first-party products’ price on the number 

of sellers. 

In the second stage, the number of buyers is  

𝑚𝐵
2 = 𝐷𝐵 − 𝛼𝐵𝑝2,      (3) 

It is assumed that cross-market network effects from buyers to sellers will affect the participation 

decisions of the sellers in the second stage. Thus, the number of sellers in the second stage is 

𝑚𝑆
2 = 𝐷𝑆 + 𝛼𝑆𝑝2 + 𝛽𝑠𝑚𝐵

1 ,     (4) 

where 𝛽𝑠 > 0 represents the intensity of cross-market network effects. For substitutable products, 

more buyers will attract more sellers to join the platform, whereas the number of sellers rarely 

influence the number of buyers because the product variety doesn’t increase with the number of 

sellers. Therefore, in our model, we only consider cross-market network effects from buyer to sellers.  

The platform’s profits obtained in each stage are  

{
𝜋1 = 𝑝1𝑚𝐵

1 + 𝑝𝑡𝑚𝑆
1,

𝜋2 = 𝑝2𝑚𝐵
2 + 𝑝𝑡𝑚𝑆

2,
      (5) 

where 𝑝𝑡 > 0 is the average profit derived by the platform from each seller.  

Thus, the platform’s total profit is  

𝜋 = 𝑝1𝑚𝐵
1 + 𝑝𝑡𝑚𝑆

1 + 𝑝2𝑚𝐵
2 + 𝑝𝑡𝑚𝑆

2.    (6) 

 

4. Optimal Release and Pricing Strategy 
The optimal prices of the first-party products in two stages, i.e., (𝑝1, 𝑝2), can be derived by solving 

max
𝑝1,𝑝2

𝜋 = 𝑝1𝑚𝐵
1 + 𝑝𝑡𝑚𝑆

1 + 𝑝2𝑚𝐵
2 + 𝑝𝑡𝑚𝑆

2.   (7) 

s.t. 𝑝1, 𝑝2 ∈ [0,
𝐷𝐵

𝛼𝐵
].  

From the first-order conditions, we have the optimal prices for the first-party products, shown in 

Proposition 1.  

 

Proposition 1. (Optimal release and pricing strategy for first-party products) 

(a) If 𝑝𝑡 <
𝐷𝐵

𝛼𝑆
, we have Equilibrium I:  

The platform should release first-party products in both stages, and the optimal prices are  

{
𝑝1
𝐼∗ =

𝐷𝐵+𝑝𝑡𝛼𝑆−𝑝𝑡𝛼𝐵𝛽𝑆

2𝛼𝐵
,

𝑝2
𝐼∗ =

𝐷𝐵+𝑝𝑡𝛼𝑆

2𝛼𝐵
.

      (8) 

(b) If 𝑝𝑡 ≥
𝐷𝐵

𝛼𝑆
 and 𝛽𝑆 ≥

𝛼𝑆𝑝𝑡−𝐷𝐵

𝛼𝐵𝑝𝑡
, we have Equilibrium II:  

In the first stage, the optimal price for the first-party product is  

𝑝1
𝐼𝐼∗ =

𝐷𝐵+𝑝𝑡𝛼𝑆−𝑝𝑡𝛼𝐵𝛽𝑆

2𝛼𝐵
.     (9) 
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And the first-party products are not released in the second stage.  

(c) If 𝑝𝑡 ≥
𝐷𝐵

𝛼𝑆
 and 𝛽𝑆 <

𝛼𝑆𝑝𝑡−𝐷𝐵

𝛼𝐵𝑝𝑡
, we have Equilibrium III:  

The platform is better off not releasing first-party products in both stages.  

 

Three equilibria in Proposition 1 represent the platform’s three possible release and pricing 

strategies. When the platform extracts limited profit from each seller, i.e., 𝑝𝑡 <
𝐷𝐵

𝛼𝑆
, the platform’s 

optimal strategy is releasing first-party products in both stages. If the profit derived from each seller 

is sufficiently large (𝑝𝑡 ≥
𝐷𝐵

𝛼𝑆
), the platform is better off not releasing first-party products in the 

second stage when the cross-market network effects are strong enough (𝛽𝑆 ≥
𝛼𝑆𝑝𝑡−𝐷𝐵

𝛼𝐵𝑝𝑡
) , or not 

releasing first-party products in both stages when the cross-market network effects are weak (𝛽𝑆 <
𝛼𝑆𝑝𝑡−𝐷𝐵

𝛼𝐵𝑝𝑡
).  

From Equation (8), we can find that 𝑝1
𝐼∗ < 𝑝2

𝐼∗. Thus, we have Proposition 2. 

 

Proposition 2. When the platform’s optimal decision is releasing first-party products in both stages, 

its price should be lower in the first stage and higher in the second stage( i.e. 𝑝1
𝐼∗ < 𝑝2

𝐼∗)  

 

Proposition 2 shows that even when each seller provides limited profit to the platform, the 

platform still need to set a lower price for its first-party products in the first stage to attract more 

buyers participating in the platform. Whereafter, more third-party sellers will be attracted by the 

large number of buyers on the platform and join the platform in the second stage. In other words, the 

existence of cross-market network effects makes the platform set a lower price for the first-party 

products to balance between profit and buyer number in the first stage.  

Figure 1 shows the different equilibrium outcomes under different strengths of cross-market 

network effects and the average profit per seller. As illustrated in Figure 1, with the increase of 𝑝𝑡, 
the platform’s optimal release and pricing strategy will change from Equilibrium I to Equilibrium II, 

and with further increase in 𝑝𝑡, the optimal strategy will change to Equilibrium III if the cross-market 

network effects are relatively weak (𝛽𝑆 <
𝛼𝑆

𝛼𝐵
). In other words, if the cross-market network effects are 

sufficiently strong (𝛽𝑆 >
𝛼𝑆

𝛼𝐵
), Equilibrium III, i.e., not release in both stage, is not a valid strategy for 

the platform owner.  

Regarding the impacts of cross-market network effects on the platform’s optimal prices, profit 

in each stage, and total profit, we have Proposition 3.  
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Figure 

1. Different Equilibrium Outcomes under Different Combinations of 𝒑𝒕 and 𝜷𝑺 

 

Proposition 3. In Equilibrium I and II, with the increase of 𝛽𝑆, the platform’s total profit and profit 

gained in the second stage increase but its profit gained in the first stage decreases. In Equilibrium 

III, the profits of the platform obtained in both stages are constant with 𝛽𝑆. 

 

Table 1 summarizes the results in Proposition 3. “↓” denotes that profit decreases with 𝛽𝑆. “↑” 

denotes that profit increases with 𝛽𝑆. And “-” denotes that profit is independent of 𝛽𝑆.  

 

Table 1. Impacts of Cross-market Network Effect on Platform’s Equilibrium Profits 

Conditions 𝝅𝟏 𝝅𝟐 𝝅 Equilibrium 

𝒑𝒕 ∈ (𝟎,
𝑫𝑩

𝜶𝑺
) ↓ ↑ ↑ I 

𝒑𝒕 ∈ (
𝑫𝑩

𝜶𝑺
, +∞) 

𝜷𝑺 ≥
𝜶𝑺𝒑𝒕 −𝑫𝑩

𝜶𝑩𝒑𝒕
 ↓ ↑ ↑ II 

𝟎 ≤ 𝜷𝑺 <
𝜶𝑺𝒑𝒕 −𝑫𝑩

𝜶𝑩𝒑𝒕
 - - - III 

 

In both Equilibrium I and II, with stronger cross-market network effects, platform owner would 

benefit from a lower first-stage price of first-party products. Setting a lower initial price for its first-

party products, the platform obviously loses some third-party sellers, but attracts more buyers. In 

general, the platform obtains lower profit in the first stage. Afterwards, owing to strong cross-market 

network effects and large number of first-stage buyers, more sellers will join the platform in the 

second stage. Therefore, the platform owner will gain more profit in the second stage and its total 

profit also increases with stronger cross-market network effects.  

 

5. Conclusions  
In this paper, we study the platform owner’s optimal release and pricing strategy for its first-party 

products. We find that when each third-party seller provides limited profit to the platform owner, the 

platform owner should release its first-party products in both stages, and their first-stage price should 

𝛼𝑆

𝛼𝐵
      

𝐷𝐵

𝛼𝑆
      

III     

II      

I     

𝑝𝑡     

𝛽𝑆      
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be lower than the second-stage price. And if the platform owner can derive sufficiently large profit 

from each seller, it should release first-party products in the first stage only when the cross-market 

network effects are strong, and not release first-party products in both stages when the cross-market 

network effects are weak.  
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Abstract 
 

Online reviews are necessary and important for e-commerce platform enterprises and online 

consumers, while most of online customers are reluctant to share their consumption experiences. 

What’s more, the intentions of contributing online reviews for most of customers may be influenced 

by their national culture for global e-commerce platforms. Motivated by such concerns, a theoretical 

model is formulated and tested, which can explain and compare national cultural difference of 

consumer reviews intention. The model is validated through an online survey. The results reveal that 

the perceived usefulness, reciprocity, reputation and review cost significantly impact consumer 

online reviews intention both in China and the USA, while economic rewards and perceived ease of 

use show little impact on consumer reviews intention significantly. And the group analysis indicates 

that the national cultural difference exists in the customers’ reviews intention. Then related 

managerial implications for e-commerce platform enterprises are discussed in the end. 

 

Keywords: Online reviews, Intention, Cross cultural comparison, E-commerce platforms 

 

1. Introduction 
It is very important for e-commerce platforms and e-business enterprises to have or design a good 

customer reviews system. Customer reviews will not only impact on sales of the goods and services, 

but also reduce the uncertainty of consumer purchases. Online consumer reviews have become the 

most important basis for customers’ online shopping decisions. However, most of online shoppers 

are not willing to share their consumption experiences actively at e-commerce platforms for different 

reasons, such as privacy security, review costs, etc.  

How to effectively encourage consumers to write and post their consumption experiences 

actively at the customer review system of the e-commerce platforms, which is very necessary for e-

business enterprises. To solve the problem, we must understand and interpret the motivation of 

customers contributing product reviews.  

It is obviously that cultural differences exist in the user behavior. We would like to know whether 

there are also national cultural differences in the customers’ reviews motivations. 

 

2. Literature Review 
With the development of technology and network, user generated contents like product reviews have 

become more and more popular on the internet. While literature about the motivation of customer 

reviews is relatively few. Hennig-Thurau et al.(2004) is an early representative document of the 

research on the motivation of user's word of mouth. Based on the theoretical framework of the utility 

and an empirical study of an online consumer opinion platform, the paper revealed the primary 

motivation of user e-word-of-mouth communication, including consumers’ desire for social 

interaction, desire for economic rewards, their concern for helping other consumers or called altruism, 

and the potential to enhance their own self-worth or reputation. Munzel and Kunz(2014) based on 

232



  

the social capital theory and social exchange theory, showed that online users perceived a social debt 

to give something back to the online reviews system, which can be called reciprocity. Yang(2013), 

using a famous restaurant review website, explored users internet word-of-mouth intentions and the 

results of the research indicated that the knowledge sharing factors (including egoistic and altruistic 

needs) and technology acceptance factors (including perceived usefulness and perceived ease of use) 

both had a significant positive effect on the users e-word-of-mouth intentions. Kim(2016) found that 

the Facebook users were concerned about self-development and reputation while not too concerned 

about privacy problem. Review cost, such as consuming time, taking efforts and privacy security, 

sometimes impact on the contributing intentions of online reviewers. Kankanhalli et al.(2005) and 

Cui et al.(2014) both indicated that the review cost had a significant negative effect on the motivation 

of posting contents. 

  

3. Research Framework  
The study assumes that online reviewers’ behavior intention at customer review system of the e-

commerce platform is social exchange. The social exchange theory posits that all human behavior 

depends on the analyses and considerations of cost-benefits(Jin et al., 2010). Online reviewers tend 

to consider the benefit and cost of their behavior. Only when the benefits outweigh costs will the 

product reviews behavior be occurred(Cheung et al. 2015). The benefit-cost of reviewers 

consideration usually includes enjoying helping others (EH), economic rewards (ER), reciprocity 

(RE), reputation (REP) and review cost (RC)(Kankanhalli, et al. 2005). What’s more, whether online 

reviewers’ behavior occurs is closely related to the perceived usefulness (PU) and perceived ease of 

use (PEOU) of the customer reviews system(Kim,2016; Davis, 1989). In addition, Li et al.(2014) 

and Li et al.(2016) both found that national culture would impact on the reviewers behavior. 

Especially, the study uses the representative cultural factors in China and the United States. That is, 

individualism versus collectivism. The collectivism is an important dimension in Chinese culture 

while individualism in USA culture (Hofstede et al., 2010). Therefore, based on the exchange theory, 

technology acceptance model and the moderating effect of national culture, we build a novel 

theoretical framework model in Figure 1. Details of the hypotheses are elaborated in the following 

sections. 

 
Benefit factors

*enjoying helping others

*economic rewards

*reciprocity

*reputation

Technological factors
*perceived ease of use
*perceived usefulness

Cost factor

*review cost

customers online
reviews intention

Individualism/Collectivism

 

Figure 1. Research model 

 

4. Hypotheses Development  
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4.1 Reciprocity and Customers’ Online Reviews Intention 

Here the reciprocity can be defined as online reviewers expect some returns in the future when they 

share their consumption experiences, such as other product reviews which they need someday. 

Reciprocal behavior among users will promote their knowledge sharing(Jin et al., 2010; Cheung et 

al., 2013). Therefore, it is hypothesized that: 

H1: Reciprocity motivation will have a positive effect on customers’ online reviews intention. 

 

4.2 Reputation and Customers’ Online Reviews Intention 

Reputation refers to prestige, self-image and social status of users in the virtual community. People 

often improve their frequency of emergence and digital status in the community by means of posting 

and keeping contributing contents(Cheung and Lee, 2012). Then, it is hypothesized that: 

H2: Reputation motivation will have a positive effect on customers’ online reviews intention. 

 

4.3 Enjoying Helping Others and Customers’ Online Reviews Intention 

Enjoying helping others or called altruism is a kind of pro-social behavior, which is not seeking any 

material rewards. Humans altruism would promote they to contribute their consumption experiences 

(Kankanhalli et al., 2005). Therefore, it is hypothesized that:  

H3: Enjoying helping others will have a positive effect on customers’ online reviews intention. 

 

4.4 Economic Rewards and Customers’ Online Reviews Intention 

Pursuing economic rewards is one of the important drivers of human behavior. Virtual community 

members sometimes obtain a variety of material incentives, such as virtual currency, bonus points, 

wealth value, free shipping, discount, etc. Those economic incentives can be seen as a compensation 

for users’ contribution contents. Economic rewards are one of the most effective means to improve 

the users’ willingness to share their consumption experiences (He and Wei, 2009). Additionally, in 

the collective culture, such as in China, people are more concerned with social relations than material 

interests at first. However, in the individualism culture, such as the USA, the situation is contrary. 

People pay attention to performance returns and attach great importance to material returns 

(Shi&Luan, 2013). Then we propose the following hypothesis:  

H4a: Economic rewards will have a positive effect on customers’ online reviews intention. 

H4b: The positive relationship between economic rewards motivation and review intentions is 

stronger in the USA than in China. 

 

4.5 Review Cost and Customers’ Online Reviews Intention 

When product reviewers write their consumption experiences on the Internet, they will certainly 

produce the corresponding review cost, such as time-consuming, efforts-taking and privacy problem 

etc. The review cost may hinder users to participate in information sharing actively. The existence 

of review cost will affect virtual community members’ intentions to write product reviews(Cui et al., 

2014). Furthermore, in an individualism culture, like the USA, people are more concerned with 

individual privacy and the time efficiency than their counterparts. That is, in an individualism culture, 

the negative relationship between review cost and review intentions will be stronger than in a 

collectivism culture. Then we propose the following hypothesis: 

H5a: Review cost motivation will have a negative effect on customers’ online reviews intention. 

H5b: The negative relationship between review cost motivation and review intentions is stronger in 

the USA than in China. 
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4.6 Perceived Usefulness and Customers’ Online Reviews Intention 

Perceived usefulness, that is, through using a particular technology, can improve the efficiency and 

performance of a business process(Davis, 1989). As a key variable of technology acceptance model, 

it can be used to understand and analyze users’ online product reviews behavior(Park and Lee, 2009). 

Perceived usefulness can promote the users willingness to share their consumption experiences 

(Moon and Kim, 2001). Furthermore, in a collectivism culture, group members pay more attention 

to the systems’ usefulness and efficiency than their counterparts. Then we propose the following 

hypothesis:  

H6a: Perceived usefulness will have a positive effect on customers’ online reviews intention. 

H6b: The positive relationship between perceived usefulness motivation and review intentions is 

stronger in China than in the USA. 

 

4.7 Perceived Ease of Use and Customers’ Online Reviews Intention 

Perceived ease of use, that is, through using a particular technology, will be free from effort for a 

person (Davis, 1989). Such as the interface of the customer reviews system is clear and friendly, ease 

of operating, coding and convenience, etc. Perceived ease of use can improve the users’ willingness 

to share their consumption experiences and e-word-of-mouth (Ayeh et al., 2013). Furthermore, to 

some extent, the popularity of network technology in China is not as good as that in the United States, 

then Chinese users are more concerned about the perceived ease of use of the system. And based on 

the theory of technology acceptance, perceived ease of use can promote perceived usefulness of users 

(Davis et al., 1989). Then we propose the following hypothesis:  

H7a: Perceived ease of use will have a positive effect on customers’ online reviews intention. 

H7b: The positive relationship between perceived ease of use motivation and review intentions is 

stronger in China than in the USA. 

H7c: Perceived ease of use motivation will have a positive effect on perceived usefulness. 

 

5. Research Method 
A questionnaire is developed to measure several constructs in the research model. All items are 

validated from the classic literatures and considered e-commerce environment. All of the items are 

measured on a seven point Likert scale, from strongly disagree to strongly agree. 

We use the online survey to gather data. The participants are selected from the users of Amazon, 

one of the most famous e-commerce enterprises in the world. What’s more, the Amazon’s customer 

reviews system is very famous and representative, we believe that collecting data from the users of 

Amazon will enhance the reliability and validity of the results. In order to explore whether existing 

in national cultural difference about users product reviews intentions who are from different cultural 

countries, we select participants from China and America. The respondents from Amazon.com 

represent the users of America, and who are from Amazon.cn represent the users of China. And we 

discriminate American participants from Chinese through the question “Where were you birthplace?” 

Finally, we collect effectively 225 samples from China and 141 ones from America. 

 

6. Analysis and Results 
The structural equation modeling method is employed to test the model hypothesis with the software 

of Smartpls 3.0, which is one of the leading software tools for partial least squares structural equation 

modeling(Hair et al., 2014). In the following part, the results of the hypothetical model testing for 

both China and the USA will be showed. 

 

235



  

6.1 Measurement Model Results 

Measurement model evaluation refers to assessment the relationship between measurement items 

and constructs, involving reliability and validity test. In order to assess the reliability and convergent 

validity of the measurement model in both China and the USA, we apply the indicators of the 

composite reliability(CR), Cronbach’s Alpha(α), item reliability and average variance extracted 

(AVE) for each construct to judge the measurement model internal consistency reliability. The values 

of Cronbach’s α for all of the constructs are above 0.7, the AVE values are above 0.7, the CR values 

are above 0.8, and cross loadings of all the items are above the recommended 0.7. As Hair et al.(2012) 

recommended, the results indicate the high reliability and convergent validity of the data. 

The Fornell and Larcker criterion is also applied to assess the constructs’ discriminant validity. 

As Fornell&Larcker(1981) recommended, the results clearly show the sufficient discriminant 

validity of the constructs in measurement model. In conclusion, the quality of the measurement 

model is satisfactory. Limited by the length of the article, the table is omitted. 

 

6.2 Structural Model Results 

On the basis of the absence of the problems of common method biases and collinearity, we examine 

and compare the explanatory and predictive power of the structure model in China and the USA. We 

apply the methods of PLS-Algorithm and bootstrapping with 5000 samples to assess the size and 

significance of the path coefficients and the coefficient of determination，R2 of endogenous latent 

variables for China and the U.S. samples respectively. The results indicate that the explanatory power 

of the model by looking at the R2 value of the dependent variable, customer reviews intention is 

57.1% in China while USA is 53.9%, which reveals that the proposed structural model has a good 

explanatory power, according to Hair et al.(2014) recommendation. It also demonstrates that the 

research model is satisfactory in explaining the variance in e-commerce platforms customer reviews 

intention. 

The results show solid support for the efficiency and effectiveness hypotheses both in China and 

the USA. All of the path coefficients show the expected positive or negative relationships are 

significant at the 0.05 (**) or 0.01 (***) level, except H4 for China, H3 for the USA and H7a for 

both countries. Seeing the relative importance of the exogenous constructs for the customer reviews 

intention (INT), we find that the perceived usefulness (PU) is most important for China, while that 

of the reputation for the USA. 

In order to know whether there is national cultural difference on the intention of online reviewers 

contributing behavior, we use the Henseler’s multi-group analysis, which is one of the effective 

methods for multiple group comparison(Chin and Dibbern, 2010). The results illustrate that there are 

national cultural differences between economic rewards, perceived usefulness and online customer 

reviews intention. That is, the hypotheses H4b, H6b and H7b are supported, while H5b not supported. 

 

7. Discussion of Results from a Managerial Perspective 
The main focus of this paper is to identity the motivation of customers contributing their consumption 

experiences at e-commerce platforms, and to compare the cultural difference among different 

countries. The results indicate that the research model and hypotheses are well-supported. From the 

results , it can be inferred that the constructs of perceived usefulness (PU), reputation (REP) and 

enjoying helping others (EH) are the more important factors on the intentions to engage product 

reviews for the users of China. In contrast, the motivation of the economic rewards (ER) and 

perceived ease of use (PEOU) have little bearing on the customer online reviews intention of China. 

However, the motivation of the reputation (REP), review cost and reciprocity (RE) are the key factors 

on the intentions to engage product reviews for the users of the USA. In contrast, the motivation of 
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the enjoying helping others (EH) and perceived ease of use (PEOU) have little influence on the 

customer online reviews intention of the USA. 

Consequently, managerial activities to improve the customer online reviews intention (INT) of 

China should focus on the constructs of PU, REP and EH, neglect ER and PEOU. That is, it is very 

necessary for e-commerce platform enterprises of China to raise the PU of the customer reviews 

system, to enhance the reputation and status of users, and to promote user’ altruistic behavior, without 

too much attention the user's economic rewards motivation. At the same time, it is very important 

for e-commerce platform enterprises of the USA to foster the spirit of the reciprocity among 

customers and decrease the review cost of the customer reviews system based on the user-friendliness.  

Meanwhile, three relationships differ significantly across the two groups (ER -> INT, PU -> INT 

and PEOU -> INT). It means that the national cultural difference exists in the customers’ reviews 

intention. Therefore, in order to promote the willingness of consumer reviews, globalization of the 

e-business enterprise may employ different customer reviews systems in different cultural countries. 
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Abstract 
 

Since online reviews have become an increasingly important information source for consumers to 

evaluate products during online shopping, many platforms started to adopt review mechanisms to 

maximize the value of such massive reviews. In recent years, review tag function has been very 

popular in practices and leading the research on sentiment and opinion extraction techniques. 

However, the examination of how the function works has been largely overlooked. In this paper, we 

specifically look into the impact of the tag function on positivity and negativity biases by proposing 

a framework through the lens of attribution theory. We also put forward an experiment design to test 

our hypotheses. Our research intends to fill in the research gap of review tag function and offer new 

perspective to understand its impact on the consumers. Potential contribution and limitation of this 

research will be discussed in the proposal. 

  

Keywords: Online reviews, Review tag, Perceived bias, Attribution theory, Electronic commerce 
 

1. Introduction 
Online product reviews are peer-generated product evaluations posted on company or third party 

websites (Mudambi and Schuff 2010). As reviews bring great value in reducing information 

asymmetry of online markets (Dellarocas 2003), research on product reviews has been a hot topic in 

IS discipline during the past decade. One of the most intensive discussion is on the 

positivity/negativity bias brought by product review ratings (Bao and Chau 2016a). On one hand, 

prior research has discovered that negative reviews are more likely to be perceived helpful, namely 

negativity bias (Kuan et al. 2015; Sen and Lerman 2007). On the other hand, some empirical studies 

also found the existence of positivity bias (Pan and Zhang 2011), that positive reviews are considered 

more helpful. The examination on biases is important to understand consumers’ cognitive processing 

of reviews. However, in between the contradictory opinions, the power of review’s textual content 

has been largely disregarded.  

 

Without a doubt, review texts could be massive. To help consumers understand products more easily 

in such situation, many text-mining techniques have been developed in prior research, such as 

automatic review summarization (Blair-Goldensohn et al. 2008; Zhuang et al. 2006), feature-based 

search system (Scaffidi et al. 2007), review ranking system (Ghose and Ipeirotis 2007), 

comprehensive review set selection (Tsaparas et al. 2011) and so on. In current practices, many 

platforms have started their trials on using such techniques. For instance, both TripAdvisor.com and 

Taobao.com have adopted review tag functions to present the most frequently mentioned review 

content on top of all the reviews. While TripAdvisor merely shows the tag label (shown in Figure 1), 
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i.e. the most frequent features that people comment on, Taobao displays the tag labels as well as the 

corresponding sentiment using different colors (shown in Figure 2).  

 

The review tag function is mostly used for popular products (Hu and Liu 2004), because under such 

situations, reviews are too numerous to be processed by human in an effective way. The adoption of 

the technique could be beneficial for both buyers, sellers and platforms. Buyers are enabled to save 

their search costs before making an informed decision; sellers could keep track and manage the 

customer opinions (Hu and Liu 2004). Meanwhile, platforms can also benefit from the better 

experience they brought to the other parties.  

 

With the techniques being extensively studied in the domain of computer science, few research 

studies in IS discipline targeted on investigating the phenomenon. To fill in the research gap, this 

paper attempts to reveal the impact of tag function through the lens of attribution theory. More 

specifically, we ask the question: how does review tag function influence negativity or positivity 

bias? Does it strengthen or weaken one of the biases? By putting forward a research design, the 

proposal aims to contribute to online review studies and extend the current discussions on consumer 

biases. The results and findings of the proposal could also bring insights from both theoretical and 

practical perspectives.  

 

 
Figure 1. Review tag function on TripAdvisor.com 

 

 
Figure 2. Review tag function on Taobao.com 

 

2. Theory Background 
2.1 Review Tag Function 

Before we bring up the theoretical foundation, we introduce the review tag function in more details. 

We take the current tag function on Taobao.com as our target prototype.  

 

A simple version of tag-generating tool has been described in the work of Archak et al. (2011). 

Review tags are generated by summarizing all the review texts. The process includes and is not 

limited to feature extraction, sentiment classification and text summarization (Hu and Liu 2004). As 

a result, a set of noun phrases and the respective sentiment are produced, which corresponds to 
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product features and their evaluation. Current practice in Taobao.com limits the total number of 

review tags to ten, so that the function at most displays the top ten features and their sentiment 

according to the feature frequency ranking. On Taobao.com, the positive tags are presented in red 

color and negative tags are in green color. Both types of tags display the frequency of the features 

being mentioned in reviews. 

 

As shown in prior literature, for most products, the number of positive reviews are much larger than 

that of negative reviews (Dellarocas 2003; Hu et al. 2016). To understand the tag function in the 

most common situation, in our research, we assume that product reviews follow the J-shape 

distribution, which is positively skewed, asymmetric and bimodal (Hu et al., 2016). Therefore, such 

as shown in Figure 2, for a review system with tag function, there are fewer negative tags than 

positive tags in a typical setting. Moreover, because of the low frequency of negative reviews, 

negative tags are often placed after positive tags.  

 

2.2 Attribution Theory 

Attribution theory was developed in the field of social psychology for understanding how people 

perceive and evaluate the behaviors of others (Heider 1958). Attribution refers to the perception or 

the inference of cause. Attribution research is concerned with all aspects of causal inferences.  

 

There are three pre-assumptions in the theory (Försterling 1986). The first one is that people interpret 

behavior in terms of its causes and that these interpretations play an important role in determining 

reactions to the behavior (Heider 1958; Kelley and Michela 1980). The second assumption is that 

people are generally motivated to gain a realistic understanding of the causes that have led to different 

events in their personal domain (Heider 1958). Third, it is assumed that a causal understanding serves 

the function of attaining personal goals and survival (Kelley 1987). 

 

At first, when Heider proposed the attribution theory in his book (Heider 1958), he distinguished 

causes of actions into two basic types, personal or internal causes, and situational or external causes. 

For example, if Tom recommends a movie to others, his action might due to his internal taste for this 

movie, or to other external factors, e.g. every audience of the movie on that day is given a voucher.  

 

Later, Kelley extended and elaborated on how individuals infer causes (Kelley 1967; Kelley 1973). 

According to his topology of person–stimulus–circumstances, general attributions could be made to 

the person (Tom’s taste for the movie), the stimulus (the movie quality), and circumstances (special 

gifts for the audiences). Information is used to facilitate an observer’s attribution of a behavior.  

 

Kelley (1973) proposed the principle that when people make attribution to an actor’s behavior, they 

would take into consideration how others behave in the same situation. The term, consensus 

information, is used to refer to the way in which other people respond to the stimulus. Take Tom’s 

recommending the movie as an example, if everyone who watched the movie recommends it, we 

would observe high consensus. When most others behave in a similar way to Tom, i.e. there is high 

consensus, we, as observers, tend to attribute the causes external to Tom. But as consensus decreases, 

our attribution would be more internal to him (McGill 1989).  

The theoretical development of attribution theory had enabled consumer research to explore a variety 

of studies, specifically, the research line which examines the process by which individuals assign 

causal agency to outcomes experienced by others (He and Bond 2015).  
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3. Hypotheses Development 
Our context of online reviews readily fits the principle proposed by Kelley. When making purchase 

decision, individuals would observe others’ product experience contained in reviews. When 

processing the review information, they would attribute the review content to either product-related 

features or reviewers’ characteristics.  

 

There have been studies using attribution theory within the context. For example, Chen and Lurie 

(2013) studies the effect of temporary contiguity on reviews’ causal attribution. They found that 

when reviews’ writing closely follows consumption, positive reviews would be more attributed to 

products and hence be more valued. In examining the review dispersion, He and Bond (2015) found 

that consumers taste similarity moderates the relationship between review dispersion and the 

attribution to reviewers.  

 

For review system with tag function, potential consumers can read the summarized tags extracted 

from product reviews. Each of the tags represents a set of product-related features and the respective 

sentiment, either positive or negative. The presence of tags eliminates consumers’ efforts in 

processing and extracting the outstanding features. However, on the other hand, it might also restrict 

the scope of features from which consumers make attributions and hence evaluate the product.  

 

Since review tags demonstrate the most frequent feature evaluation, they can also be regarded as 

high consensus information. According to the attribution theory, the consensus information affords 

a basis for confidence in one’s judgment (Kelley 1973). For positive tags, when potential consumers 

find that most others respond positively to the same product, they may tend to attribute the positive 

evaluation to product-related causes. Therefore, the positive reviews would be perceived more 

valuable and hence positivity bias could be enhanced.  

 

However, for negative tags, since the evaluation frequency comes much less than positive evaluation 

frequency, negative tags tend to be comparatively viewed as low consensus information. As a 

consequence, the negative evaluation contained in negative tags is more likely to be attributed 

internal to reviewers and hence perceived less useful in identifying the product. Therefore, the 

negative bias could be mitigated. We hypothesize that, 

 

Hypothesis 1. Consumers are more likely to perceive positive reviews as helpful when using review 

system with (vs without) tag function. 

 

Hypothesis 2. Consumers are less likely to perceive negative reviews as helpful when using review 

system with (vs without) tag function. 

 

4. Methodology  
We plan to conduct a between-subjects online experiment to test our hypotheses. First, we will collect 

product, review and tag data on Taobao.com. We will select multiple products as people might 

comprehend product information differently for different products (Bao and Chau 2016b). We will 

use criteria of review volume and distribution to ensure representative review settings. Second, we 

plan to modify the data and create mock product pages. For a product, we will prepare two webpage 

versions, one with tag function and one without, while keeping every other element being equal. 

Although the tag function is mostly used for popular products, which might possess hundreds or 

thousands of reviews, yet in the experiment, to control for the potential effect of review volume, we 
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constrain the number of reviews to 100, so that potential customers could be able to browse all the 

content within several pages in both versions.  

 

Next, we would design our survey questionnaire to collect subjective data. Then, we will recruit 

participants to browse the mock page and ask them to respond to our survey afterwards. Meanwhile, 

we will also collect the click stream data of the participants as support to our research hypotheses. 

Analyses on both subjective data and click stream data will be made in a later stage. 

 

5. Potential Contributions and Limitations 
5.1 Potential Contribution 

Our research has the following potential contributions. First, it fills in the research gap of 

investigating the impact of review tag function. Second, our research adds value to the current 

understanding of consumers’ cognitive biases during review consumption. Also, our findings have 

the potential of extending the attribution theory and its applicable domain. At last, our research might 

be beneficial to practices of tag function in online markets by illustrating its impact on consumer 

perceptions. 

 

5.2 Limitations 

Our proposal has several limitations. First, our target prototype is the review tag function on 

Taobao.com, which might induce questions of generalizability due to the cultural and language 

differences. Second, our research assumes a J-shape distribution of reviews for a given product, so 

the same queries on other review distribution settings might be raised. Besides, the selection of 

positive and negative features might also influence answers to the research question. Future research 

could draw on review distribution or selected features to explore their roles in affecting consumers’ 

perception. 
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Abstract 
 

The online word-of-mouth literature generally assumes that consumers read online reviews in order 

to reduce uncertainty and risk, but little research scrutinizes the validity of this assumption. The 

present paper fills this gap by exploring consumers’ fundamental motivation of seeking more 

information and reading reviews. In particular, we propose two competing mechanisms. On one 

hand, conventional wisdom suggests that consumers read reviews to reduce uncertainty about 

product quality. On the other hand, it is also likely that consumers read reviews if they anticipate the 

reviews to contain valuable and diagnostic information. To test these competing hypotheses, we 

conducted an experiment and manipulated the rating profiles of two product options. Our findings 

suggest that consumers’ intention of seeking information is motivated by anticipated review 

diagnosticity rather than their uncertainty about product quality. These findings provide important 

theoretical and practical implications. 

 

Keywords: Information seeking intention, Uncertainty about product quality, Anticipated review 

diagnosticity 

 

1. Introduction 
Online reviews have become increasingly indispensable for consumers to make better purchase 

decisions, but their value cannot be realized unless consumers actively seek and consult the reviews 

in the first place. The exploding volume of online reviews accumulated over the years has resulted 

in information overload for consumers. As a result, consumers tend to be more selective in which 

reviews to read, and they may only have time to consult reviews of certain products rather than others. 

While prior research examining online reviews has focused primarily on how ratings and review 

characteristics influence product sales and consumers’ perception of the reviews (e.g., Floyd et al. 

2014; Forman et al. 2008; Hu et al. 2008), limited research has explored consumers’ motivation to 

seek more information and read reviews.  

 

In addition, the online reviews literature generally assumes that consumers read reviews to reduce 

uncertainty about product quality, but this implicit assumption has not yet been theoretically or 

empirically investigated. An exploration of the validity of this crucial assumption can deepen our 

understanding of consumers’ motivation to seek more information – an important but less rarely 

studied stage of consumers’ decision-making process. This exploration can also help product/service 

providers gauge the likelihood of consumers to seek out online reviews of different options and 

prioritize their efforts dealing with online reviews. 
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In what follows, we advance two distinct motivations of consumers seeking out more information, 

and propose competing hypotheses. First of all, the conventional wisdom suggests that consumers 

read online reviews to reduce uncertainty and risk (e.g., Bauer 1960; Taylor 1974). The uncertainty 

and risk could comprise several dimensions, such as uncertainty and risk of the final decision, 

uncertainty about product fit, and uncertainty about product quality (Hong and Pavlou 2014; Paul et 

al. 2007). Since we are interested in the information seeking stage of consumers’ decision-making 

process, we focus on uncertainty about product quality that is most relevant in this stage. In line with 

the commonly accepted assumption, consumers are more likely to seek information and read reviews 

if there is more uncertainty about product quality. In contrast, consumers’ information seeking 

intention might be driven by utilitarian motivations, such as anticipated value and diagnosticity of 

review information. To test these distinct motivations, we conducted a between-subjects experiment 

and manipulated the number of reviews that can affect both processes.  

 

2. Hypotheses Development 
Consumers’ decision-making is a complex process. Roberts and Lattin (1991) described multiple 

stages of consumers’ decision making, from forming an awareness set, narrowing down to a 

consideration set, to finally focusing on a smaller choice set and making a decision. In this research, 

we focus on the fundamental motivations of consumers seeking more information, which is most 

likely to occur after they form a consideration set and before they make a final decision. We propose 

that consumers’ intention to seek information can be driven by two distinct mechanisms – uncertainty 

about product quality and anticipated reviews diagnosticity.  

 

2.1 Uncertainty about product quality 

Based on the commonly accepted assumption, consumers read reviews to reduce uncertainty and risk 

(e.g., Bauer 1960; Elliot 1999; Taylor 1974). Consumers’ uncertainty and risk of their decisions are 

most likely to be caused by uncertainty about product quality when they have not read any reviews. 

The average rating of a product provides a signal for consumers to form their initial beliefs about the 

product’s quality. Meanwhile, based on accompanying information such as number of reviews or 

rating distributions, consumers may develop various levels of confidence in their initial beliefs about 

the product’s quality. Confidence in initial beliefs refers to consumers’ perceived confidence (or the 

extent to which they consider their beliefs are correct) (Gross et al. 1995; Petty et al. 2007; Yin et al. 

2016). A lower level of confidence in consumers’ initial beliefs leads them to feel more uncertain 

about product quality, thus they should have a greater tendency to seek more information and read 

reviews of the product to reduce this uncertainty. Thus, we propose the following: 

 

Hypothesis 1: Consumers’ uncertainty about a product’s quality is positively associated with their 

intention to seek more review information.  

 

2.2 Anticipated review diagnosticity  

In contrast, consumers’ intention to seek more information might be driven by utilitarian reasons. 

Anticipated review diagnosticity refers to the likelihood that information contained in reviews of a 

product could be utilized by consumers to make evaluations and judgment of the product (Feldman 

and Lynch 1988; Kempf and Smith 1998). Anticipated diagnosticity is a fundamental determinant of 

reliance on reviews in consumers’ decision-making (Wang and Wei 2006). Because more valuable 

and useful information can save consumers’ time and help them make better purchase decisions (e.g., 

Jiang and Benbasat 2004; Mudambi and Schuff 2010), consumers should be more willing to read 
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reviews that are expected to contain more helpful information. Therefore, higher anticipated review 

diagnosticity of a product should increase consumers’ intention to read reviews. 

 

Hypothesis 2: Consumers’ anticipated review diagnosticity of a product is positively associated with 

their intention to seek more review information.  

 

3. Study  
To investigate the hypotheses, we conducted a laboratory experiment and manipulated the number 

of reviews that can affect both processes. Participants took part in a hypothetical online decision-

making task in which they were provided with rating profiles of two products. Then they answered 

questions about their information-seeking intention and potential motivations. We manipulated 

review volume as a between-subjects factor at low and high levels. 

 

3.1 Stimulus Materials 

We selected the waterproof Bluetooth speaker as our context because most undergraduate students 

(recruited in this experiment) are familiar with this product category and find it useful. A Bluetooth 

speaker is a loudspeaker with Bluetooth wireless connectivity that can be paired with smartphones, 

tablets, or computers. A waterproof speaker allows people to take it with them for outdoor activities, 

and listen to music without worrying about damaging it in a wet environment.  

 

We developed stimuli for this experiment in two steps. First, we created the baseline rating profile 

with a 4-star average rating and 120 reviews. In the second step, we constructed two treatment rating 

profiles with the same average rating (4 stars) but different numbers of reviews – 15 vs. 1730 reviews 

at low and high levels of review volume.  

 

3.2 Procedure 

108 undergraduate students from a southern U.S. university participated in this study for extra credit. 

In the cover story, participants were asked to imagine that they were planning to purchase a 

waterproof Bluetooth speaker from TechDig.com (a fictional site). After searching for this type of 

speakers at TechDig, they found two different options with the same price of $59.99 and the same 

average rating of 4 stars. Then they were asked to read the rating profiles of two options. 

 

We manipulated the number of reviews through the difference in review volume between the 

treatment profile (15 or 1730 reviews, depending on condition) and baseline profile (120 reviews). 

Each participant observed the baseline rating profile and one of two treatment profiles side by side; 

they were randomly assigned to read a treatment profile with a low or high level of review volume. 

In addition, we counterbalanced whether the treatment rating profile appears on the left or right side 

of the baseline profile to mitigate location effects.  

 

After reading both baseline and treatment rating profiles of two product options, participants were 

asked to report their intention to seek more information (two items adapted from Chatterjee 2001), 

perception of product quality (two items adapted from Wang et al. 2003), certainty of product quality 

(two items adapted from Bennett and Harrell 1975; Fazio and Zanna 1978), and anticipated review 

diagnosticity (two items adapted from Park et al. 2007; Qiu et al. 2012) of the treatment product 

using a 9-point scale. Finally, participants also rated the level of review volume in rating profiles as 

a manipulation check. All the measures are presented in the Appendix. 

 

247



  

4. Results 
4.1 Manipulation Check 

Before any analysis, we conducted a manipulation check to ensure that our manipulation of review 

volume was successful. Results showed that the perception of review volume of the treatment profile 

in the low condition was significantly lower than that in the high condition (M = 2.62 vs. 8.17, F(1, 

105) = 387.37, p < .001). Thus, the manipulation of our independent variable was successful. 

 

4.2 Main Analysis 

First, we investigated the effect of review volume on consumers’ information-seeking intention. We 

utilized ANCOVA analysis in which review volume was entered as a between-subjects factor, and 

treatment location entered as a covariate. Results revealed that participants’ information-seeking 

intention in the low review volume condition is significantly lower than that in the high review 

volume condition (M = 5.95 vs. 7.57, F(1, 105) = 29.36, p < .001). 

 

To further explore the mechanisms underlying the effect of review volume, we conducted mediation 

analyses. We first used ANCOVA analyses to examine the effects of review volume on two proposed 

mediators. Results showed that participants’ certainty about product quality in the low review volume 

condition is significantly lower than that in the high review volume condition (M = 5.08 vs. 7.61, 

F(1, 105) = 92.82, p < .001). In addition, participants’ anticipated review diagnosticity in the low 

review volume condition is significantly lower than that in the high review volume condition (M = 

5.77 vs. 7.65, F(1, 105) = 39.42, p < .001).  

 

Then we conducted formal mediation analyses and used the SPSS macro MEDIATE developed by 

Hayes and Preacher (2014). Results were consistent with above ANCOVA analyses. On the one hand, 

review volume had a positive effect on participants’ certainty about product quality (β = .40, t(107) 

= 9.53, p < .001), but the effect of this product quality certainty on information-seeking intention did 

not reach significance (β = .12, t(105) = 1.15, p = .251). The indirect effect of review volume on 

participants’ information-seeking intention through product quality certainty was insignificant (β 

= .05, 95% bias-corrected confidence interval = [-.06, .18]). On the other hand, review volume had 

a positive effect on participants’ anticipated review diagnosticity (β = .28, t(107) = 6.77, p < .001), 

which in turn had a positive effect on their information-seeking intention (β = .31, t(105) = 2.88, p 

= .005). The indirect effect of review volume through anticipated review diagnosticiy was significant 

(β = .09, 95% bias-corrected confidence interval = [.02, .16]). Finally, the effect of review volume 

on information-seeking intention became less significant after both mediators were controlled for (β 

= .16, t(105) = 2.38, p = .019), suggesting partial mediation. 

 

Discussion  
This experiment provided evidences for the explanation hypothesized in H2, but not for H1. H1 

predicts that increasing review volume should reduce consumers’ information seeking intention due 

to a lower level of product quality uncertainty; H2 predicts that increasing review volume should 

enhance consumers’ information seeking intention due to a higher level of anticipated review 

diagnosticity. In the experiment, our manipulation of review volume successfully varied both product 

quality uncertainty and anticipated review diagnosticity. Interestingly, however, we found that an 

increase in review volume of a product enhances consumers’ tendency to read reviews of the product, 

and this positive effect is mediated by anticipated review diagnosticity only. Therefore, our findings 

did not support the commonly shared assumption that consumers read reviews to reduce uncertainty. 
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Instead, consumers’ tendency to read reviews in the information-seeking stage is more likely to be 

driven by the motivation to seek utility rather than the motivation to reduce uncertainty and risk.    

 

Our research provides a number of contributions. We examine the underlying reasons why 

consumers read online reviews in the information seeking stage. Our evidence suggests that in this 

rarely studied but critical stage of consumers’ decision-making process, consumers’ motivation to 

seek utility overweighs motivation to reduce uncertainty about product quality in driving their 

information seeking. This interesting finding challenges the commonly accepted assumption that 

consumers read online reviews to reduce uncertainty and risks. Our findings also provide useful 

practical implications. Because consumers’ information-seeking intention is driven by anticipated 

review diagnosticity, product/service providers should strive to convey stronger signals of review 

diagnosticity such as encouraging more existing customers to leave reviews for the product. Review 

platforms can also consider adding more cues of review diagnosticity at the product list pages so as 

to facilitate consumers’ information seeking decisions. 
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Appendix  
 

Variables Measured in the Experiment 

Review volume (Park et al. 2007) 

To what extent do you agree with following statements of Speaker A/B?  

- The number of reviews of Speaker A/B is large. 

- The quantity of review information of Speaker A/B is large. 

 

Information-seeking intention: (Chatterjee 2001) 

After seeing rating profiles of both products, how likely are you to read reviews of Speaker A/B? 

- Not at all likely / Very likely 

 

After seeing rating profiles of both products, how likely are you to find out more about Speaker A/B? 

- Not at all likely / Very likely 

 

Perception of product quality: (Wang et al. 2003) 

Based on the rating profile of Speaker A/B, what is your overall opinion of this product?  

- Very poor quality / Very good quality 
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- Very poor product / Very good product 

 

Certainty about product quality: (Bennett and Harrell 1975; Fazio and Zanna 1978) 

How confident and certain are you in the opinions that you just stated about Speaker A/B?  

- Not at All Confident / Extremely Confident 

- Not at All Certain / Extremely Certain 

 

Anticipated review diagnosticity: (Park et al. 2007; Qiu et al. 2012) 

Based on the rating profile above, to what extent do you agree with following statements?  

- The reviews of this product would provide useful information about the product. 

- The reviews of this product would be helpful for me to understand the product. 
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Abstract  

  

Recent studies have shown that aggregating crowd opinions has been an effective method to improve 

the performance of decision making. Most existing crowd opinion aggregation studies employ 

heuristics to determine a weighting scheme for individual judges based on their expertise or past 

prediction performance. However, those heuristics based methods often fail to determine the optimal 

weights and achieve the optimal prediction performance in the aggregated crowd opinion. We 

propose a new crowd opinion aggregation model, namely aggregating crowd opinions using 

statistical learning (ASL), which has a fitting procedure for the weighting scheme and a mechanism 

of estimating the probabilities of event outcomes based on statistical learning. Statistical learning 

is expected to capture hidden patterns in crowd opinions and assign better weights to individuals 

than heuristic based weighting methods. We empirically evaluate ASL in comparison to four baseline 

methods using real data collected from an online stock prediction community, StockTwits. The results 

show that ASL significantly outperforms all the baseline methods in terms of both a quadratic 

prediction score and prediction accuracy.       

  

Keywords: Crowd Wisdom, Decision Making, Opinion Aggregation, Statistical Learning  

  

1. Introduction and Related Work  

The quality of predictive judgments is important in various prediction and estimation tasks, such as 

predicting financial markets, sports events, weather trends, and economics indicators (Clemen and 

Winkler 1999).  However, individuals often make biased predictions due to factors, such as 

overconfidence, emotionally available information, and ignorance among others (Gilovich et al. 

2002). To eliminate individual biases, prior studies have proposed to statistically aggregate 

judgments or predictions made by a group of individuals (Soll and Larrick 2009). Those works are 

often built upon the "Wisdom of Crowds" theory (WoC) (Surowiecki 2005). The theory claims that 

mathematical aggregations over the estimations of a group of individuals can be more accurate than 

those of the average individuals because of the benefits of errors or bias cancellation. Aggregating 

crowd opinions can be effective because it maximizes the collective information scope of the group 

and reduces the potential impact of extreme or aberrant judgments.   

  

Existing crowd opinion aggregation methods are heuristic based. The majority rule is a 

commonsense heuristic that simply takes the majority opinion from a crowd. However, the majority 

rule heuristic fails to recognize the differences in individual judges’ expertise, experiences, and 

abilities in making predictions. Furthermore, the majority opinion can be distorted by a large number 

of uninformed judges (Simmons et al. 2011). For example, poorly performing stock market analysts 

are more likely to make ill-considered predictions that may cause an aggregated prediction to a worse 

position (Evgeniou et al. 2013). In recent years, new heuristic-based crowd opinion aggregation 

methods have been proposed to improve crowd wisdom in making predictive decisions. What is 

common in those methods is to recognize individuals' expertise by giving different weights based 

on level of expertise (Aspinall 2010; Budescu and Chen 2014; Wang et al. 2011). Their experiments 
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show that weighted methods can outperform the unweighted means.   

  

However, French (French 2012) points out that the concept of “expertise” is ill-defined and can have 

different interpretations. One possible approach is to assign weights based on one's professional 

status, education level, seniority, expertise ratings provided by others, or a combination of them. 

Unfortunately, such information is usually not available, especially in online communities where 

participants are not required or motivated to provide a complete profile. Another effective method 

of weight assignment is to calculate prediction accuracy based on the judges’ past judgments. Soll 

and Larrick (2009) point out that such weighting mechanism empirically tends to overweight some 

judges and lead to extreme predictions. To avoid overweighing judges and improve crowd 

performance, Budescu et al. (2014) propose the  

“contribution weighted model” (CWM) that uses a quadratic score to evaluate the performance of 

the crowd. Built upon their work, Du et al. put forward a new model, namely CrowdIQ, that use a 

differential weighting mechanism (Du et al. 2017). Although most weighted crowd opinion 

aggregation models show significant prediction improvements in their own data set, they usually fail 

to deliver the same improvement and sometimes suffer from performance degradation, which results 

from their pre-defined weighting functions based on simple heuristics. For example, Budescu et al.’s 

work (2014) applies the quadratic scoring formula to calculate judges’ weights. However, this kind 

of heuristic weighting rule is not guaranteed to be optimal or perfect, since it is not able to 

dynamically weigh each judge based on statistical distribution. Their work probably overweighs the 

judges, if the judges have limited historical predictions to form their weights. Moreover, they are 

unable to find the underlying patterns hidden in the individual judgements of the crowd that may 

have a significant impact on how to aggregate individual judgements and improve the performance 

of the crowd.    

  

To overcome those issues, we find the statistical learning model (Friedman et al. 2001) to be a good 

alternative to heuristic based weighting method for crowd opinion aggregation. The statistical 

learning theory has been successfully applied to pattern recognition in various fields, such as speech 

recognition, bioinformatics, and computer vision. In this paper, based on the statistical learning 

theory, we propose a new opinion aggregation method, namely ASL, to evaluate crowd wisdom by 

considering dependence among the individuals of a crowd. We evaluate ASL in a stock prediction 

task using user-generated stock prediction tweets. The result shows that ASL outperforms all 

baseline methods. The rest of this paper is structured as follows. In Section 2, we propose our crowd 

opinion aggregation method, ASL. We test our model in comparison to four baseline methods and 

show the evaluation results in Section 3. We conclude the paper by discussing our findings and 

limitations in Section 4.  

  
Figure 1. Logistic Regression  
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2. ASL: Aggregating Opinions Using Statistical Learning  

Supervised statistical learning involves learning from a training data set, where each observation is 

an input-output pair. The learning problem consists of two parts: inferring the goal function that 

maps the input to the output; and predicting the output from a future input using the learned function. 

In this paper, we adopt a classical supervised statistical learning method, logistic regression (Cox 

1958) shown in Figure 1, as the core of our model ASL.   

2.1 Model Formulation  

We formulate the opinion aggregation problem in mathematic terms as follows. Denote the vector 

space of all possible inputs as 𝐽 = (⃗𝑗⃗1 , ⃗𝑗⃗⃗2 , … , 𝑗⃗⃗𝑁⃗ ), where N is the number of events in the 

data set and event n’s input vector is ⃗𝑗⃗⃗𝑛 = (𝑗𝑛1, 𝑗𝑛2, … , 𝑗𝑛𝑀) where M is the number of judges. 

Judge m’s judgment on event n is 𝑗𝑛𝑚= 0 (if judge m predicts event n not to occur), 0.5(if no 

prediction is made for event n by judge m), or 1 (if judge m predicts event n to occur). Denote 𝑂 = 
(𝑜1, 𝑜2, … , 𝑜𝑁) to be the vector space for all possible outputs (outcomes), N to be the number of 

events in the data set, and on to be event n’s outcome 0 (if event n did not occur), or 1(if event n did 

occur).   

  

ASL consists of two steps: 1. Fit the training data to the logistic regression model and get the goal 

function; 2. Use the goal function to calculate the probability of each event occurring in the testing 

set. Given a training data set 𝑇𝑟𝑎𝑖𝑛 = {(⃗𝑗⃗1 , 𝑜1 ), (⃗𝑗⃗⃗2 , 𝑜2 ), … , (⃗𝑗⃗⃗𝑘 , 𝑜𝑘 )}, ASL fits the judgment 

vectors and outcomes to get the goal function 𝑓 = (𝐽, 𝑊),  

 
where 𝑊 = (𝑤1, 𝑤2, … , 𝑤𝑀) and 𝑤𝑚is the weight of judge m. In this paper, we optimize this goal 

function by minimizing the L2 penalized cost function for logistic regression. In the testing step, the 

goal function is used to calculate the occurring probability of event n in the testing data set:  

 
where outcome = 0 or 1.   

  

2.2 The Opinion Aggregation Procedure  

Following Budescu et al.’s work (2014), we adopt a quadratic scoring method (Finetti 1962) to 

aggregate and quantify the aggregated crowd performance. Let N be the number of events forecasted, 

and symbol Cn be the number of prediction categories for event n (where n = 1, …., N). Additionally, 

we use Wnc  to denote the aggregated probability for outcome c (where c = 1, …, Cn) for event n. 

Onc is a binary indicator that represents two possible event outcomes: true (i.e., the event occurred) 

and false (i.e., the event did not occur). Now the crowd’s performance score for event n is calculated 

as follows.  

 

where Onc=0 (event n did not occur) or 1 (event n occurred). 𝑊𝑛𝑐 is the aggregated probability for 
event n's outcome c and defined as follows.  
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3. Evaluation   

To evaluate the ASL method, we collected user-generated stock predictions extracted from a 

financial social networking community, StockTwits. StockTwits has become the largest peerbased 

investment discussion community in recent years (Wang et al. 2015). It provides a social platform 

for investors to share their own stock analysis on financial securities. Users can post a prediction 

message for a particular stock ticker using a Hashtag $, e.g., $AAPL. Moreover, unlike other 

financial social media platforms, StockTwits allows users to post a message with an opinion label, 

either “Bullish” or “Bearish”, indicating their judgement on the trend of a particular stock. This 

unique feature provides a good opportunity for researchers to aggregate crowd opinions.   

  

3.1 Data Collection and Processing  

For our evaluation, we only selected data for 10 stocks  (namely, AAPL, FB, GILD, KNDI, MNKD, 

NQ, PLUG, QQQ, SPY, and TSLA) that had the most active discussions in 2014 at StockTwits. Each 

stock tweet message with an opinion label is regarded as a prediction. However, the statistics shows 

that only 16% of all StockTwits messages have opinion labels. To expand the judgments set, a 

reliable labeling tool is needed to assign opinion labels for those messages without opinion labels. 

In this study, we selected SVM to build our opinion classifier that identifies the opinion of an 

unlabeled message based on its text content. After expanding our data set, there are in total 409,132 

judgments created by 13,294 individual users. Each event is defined as a prediction of the closing 

price for a stock on a trading day. We assume that crowd predictions made for a stock on a given day 

are the predictions of the closing price for the same stock in X trading days (t+X). For each day in 

2014, we merged user prediction messages from the same judge for the same ticker into an average 

opinion score. Finally, our sample contains 156,786 judgments created by 13,294 judges for 2,519 

events. Each judge made predictions for 12 events on average.  

  

3.2 Performance Evaluation  

To demonstrate the effectiveness of our statistical learning based opinion aggregation method, we 

chose four baseline opinions aggregation models summarized in Table 1. The first model, the 

unweighted mean model (UWM) (Larrick et al. 2011) assumes that all judges have an equal weight. 

BWM are weighted models where weights are determined based past forecast accuracy determined 

by binary prediction scores. CWM (Budescu and Chen 2014) is built based on the quadratic scoring 

rule and it only uses the top judges based on their past prediction performance. CrowdIQ (Du et al. 

2017) is the state-of-the-art crowd wisdom model with a differential weighting mechanism.   
Table 1. Baseline Opinion Aggregation Models Compared to ASL  

Model  Weighting  Aggregation  
UWM  Equal weights for all judges.  Aggregates all judges' opinions and calculates 

arithmetic mean.  
BWM  Weights depend on the judges’ absolute past 

performance.  
Aggregates all judges' opinions with weights 

and calculates arithmetic mean.  
CWM  Weights are calculated using the quadratic 

scoring rule.  
Aggregates opinions with weights from the 

top judges and calculate arithmetic mean.  
CrowdIQ  Weights are calculated using the degree of 

correctness in predictions.  
Aggregates all judges' opinions with weights 

and calculates arithmetic mean.  
ASL  Weights are calculated using a statistical 

learning method.  
Aggregates all judges' opinions and 

calculates statistical learning probability.  

  

We used the crowd’s performance score defined in Section 2.2 as our performance measure. To avoid 
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overfitting, we evaluated all opinion aggregation models using 10-fold cross validation. In this study, 

we also ran robust testing considering three types of time window, such as t+3 trading window 

(short-term), t+10 trading window (medium-term), and t+30 (long-term) trading window. The 

performance of all opinion aggregation models is summarized in Table 2, including the mean crowd 

scores, median crowd scores, and standard deviations. As Table 2 shows, ASL outperformed all 

baseline methods. Specifically, when using the time window T+30, it outperformed UWM, BWM, 

and CWM by approximately 38%, 32%, and 16%, respectively. ASL also outperformed the state-of-

the-art model, CrowdIQ, by as much as 6%. To show the statistical significance of performance 

differences, we ran the Student T test for each pair of model. Table 3 shows that the performance of 

ASL is significantly better than the four baseline methods in all three time windows. Therefore, we 

can conclude that our model statistically outperforms the four baseline models. Finally, we compare 

the prediction accuracy in Figure 2, and the results show that ASL can also beat four baseline 

methods in the term of prediction accuracy.  

Table 2. Performance Comparison of All Models using Crowd’s Scores  

 Model  ASL  CrowdIQ  CWM  BWM  UWM  

T+3  

Mean  77.28081512  75.13366676  69.74017166  64.48715302  64.01612336  

Median  83.84043385  82.00825841  77.25692177  78.09409583  75.84027578  

Std.  22.12539328  22.41616223  28.07398694  35.43105154  35.19494649  

T+10  

Mean  83.5082595  79.49008666  71.9024567  65.2316239  64.09510509  

Median  92.44546243  87.96058539  80.23922188  78.42740676  75  

Std.  20.57722432  22.19977948  27.74109194  34.91969902  34.97879975  

T+30  

Mean  89.16622428  84.09876519  77.12673155  67.61135235  64.73788364  

Median  97.4524578  93.4533227  87.06209077  81.45163454  75  

Std.  18.17598225  20.77439169  26.40900682  33.66305569  34.82909071  

Table 3 Student T Test for Performance Differences  

Model  - Model  Difference using T+3  Difference using T+10  Difference using T+30  

ASL  UWM  13.26469***  19.41315***  24.42834***  

ASL  BWM  12.79366***  18.27664***  21.55487***  

ASL  CWM  7.54064***  11.6058***  12.03949***  

ASL  CrowdIQ  2.14715***  4.01817***  5.06746***  

CrowdIQ  UWM  11.11754***  15.39498***  19.36088***  

CrowdIQ  BWM  10.64651***  14.25846***  16.48741***  

CrowdIQ  CWM  5.3935***  7.58763***  6.97203***  

CWM  UWM  5.72405***  7.80735***  12.38885***  

CWM  BWM  5.25302***  6.67083***  9.51538***  

BWM  UWM  0.47103  1.13652  2.87347***  
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Figure 2. Prediction Accuracy  

4. Conclusions and Discussions  

In this study, we proposed a statistical learning based crowd opinions aggregation method, namely 

ASL. Statistical learning is expected to capture hidden patterns in individual judgements and assign 

better weights to individuals than heuristic based weighting methods. ASL consists of a fitting 

procedure for the weighting model and a mechanism of estimating event outcome probabilities based 

on statistical learning. We empirically evaluated ASL in comparison to four baseline opinion 

aggregation methods using real data collected from StockTwits. The results show that, ASL 

significantly outperformed all baseline methods in terms of both a quadratic prediction scoring 

method and prediction accuracy.   

  

This study has some limitations. First, the selected sample size is relatively small. In the future, we 

will include S&P500’s stocks and their StockTwits postings to improve the generalizability of our 

model. Second, although ASL has a significantly positive effect on the prediction performance of 

the crowd, there is still some room for further improvement. The existing version of ASL uses the 

binary labels (bullish or bearish). In the future, we can consider the magnitude of each outcome, 

such as the percentage change of a stock price, in evaluating the impact of the opinion aggregation 

method.   
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Abstract 
In this paper, we employ a unique large-scale sensor data from taxi drivers in Shanghai to examine 

how taxi drivers make routing decisions. By exploiting a unique geographical feature of our dataset, 

we demonstrate that taxi drivers generally tend to choose shorter route with less time. More 

importantly, we demonstrate a learning process among taxi drivers: when drivers accumulate more 

experience through their daily driving, they become more capable of choosing the shortest route. 

Nonetheless, we find that experienced drivers are also more likely to choose route with longer waiting 

time. This research provides important managerial implications for taxi companies as well as 

government policies.    

Keywords: Big Data, Taxi, Routing, Learning   

1. Introduction  

Taxi industry plays an important role for our economy as well as individual daily life. The U.S. taxi 

and limousine industry revenue is expected to reach $18.9 billion in 2016 with an annual growth 

rate of 6% in the past 5 years (IBIS World 2017). However, one of the challenges that taxi drivers 

face is which route to choose after they pick up the passenger. Given the large amount of potential 

routes between pickup and destination, and the constantly-changing traffic information for different 

routes, choosing the optimal route can be difficult for taxi drivers. This is particularly true for taxi 

drivers in large metropolitan area where road maintenances are very frequent as road constructions 

constantly require taxi drivers to update their information on the traffic situation of the entire city.   

In this research, we examine taxi drivers’ routing decision after they pick up passengers. On 

one side, examining taxi drivers’ routing decision helps us to better understand how different factors 

influence taxi drivers’ decision on choosing optimal routes to destination. This will help company 

and government design policies that could improve the chance of selecting optimal route, thus 

increase overall social welfare. In addition, increasing the probability of choosing optimal route 

could also alleviate inefficiency for taxi industry. It is reported that the average occupation rate for 

taxi during rush hour for weekdays is only 56% in New York City (Taxicab Fact Book 2014). In the 

meanwhile, only 30% of the passengers were picked up within 10 mins at night or on weekends 

(Forbes 2014). By identifying factors that influence the optimal routing decisions, it could also 

improve the efficiency of taxi industry by increasing the supply of vacant taxi on the street. However, 

investigating taxi routing decision has been very difficult because it is almost impossible to track 

the characteristics of different potential routes for a taxi trip, not to mention examining the impact 

of factors on driver routing decisions.   

With the recent development of Internet of Things (IoT) technology, researchers and 

practitioners are now capable of tracking the real-time GPS location as well as the status of each taxi 

(e.g. occupied or vacant). This allows us to explicitly record the detailed information about each trip 

between pick-up and drop-off. More importantly, IoT technology allows us to track real-time sensor 

data from thousands of taxis, such as their location and speed. This large-scale dataset essentially 

replicates the traffic of almost the entire metropolitan area for every minute. To some extent, the 
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emergence of IoT technology and the associated big data allows us to study taxi routing decision for 

the first time.  

In addition, our research also exploits a unique feature of our dataset. One of the difficulties 

in studying taxi drivers’ routing decision is the extremely large choice set. Consider any pick-up and 

drop-off locations that are reasonably far apart (e.g. 4 miles), there could be potentially dozens if not 

hundreds of possible routes that taxi driver could take. It is very computational intensive to consider 

the routing decision based on these hundreds of possible routes. To address the challenge of large 

choice set, we exploit a unique geographical feature of Shanghai. Specifically, Huangpu River flows 

through Shanghai and divide the city into two parts. There are in total 26 tunnels and bridges that 

connect the traffic on two sides, and drivers need to choose among these 26 tunnels/bridges if the 

passenger needs to go to the other side of the city. Utilizing this unique geographical feature, we can 

significantly reduce the size of choice set for the routing decision of taxi drivers who have to go cross 

the river. In other words, we use drivers’ decision of which tunnel/bridge to choose as a proxy to 

examine drivers’ general routing decisions. This helps us significantly reduce the computational 

burden for estimation.  

Our results demonstrate several important patterns for taxi driver routing decisions. First, 

taxi drivers generally tend to choose shorter and faster route. Thus long-hauling is generally not 

commonly observable. More importantly, we demonstrate that there is a significant learning process 

among taxi drivers for their routing decision. Specifically, when taxi drivers accumulate experience 

through driving over time, they become likely to choose the shortest path. Furthermore, we find that 

taxi drivers’ experience also moderating the impact of gas price and weather on driver routing 

decisions.  

Our research makes the following contributions to the literature. First, we are the first to 

examine taxi driver routing decisions. Our study demonstrates a very interesting learning mechanism 

among taxi drivers. Second, our research is among the first a few research in Information Systems 

that utilizes large-scale data from IoT technology. This research shows that IoT technology collects 

very detailed individual behavior data, thus allows researchers to examine underlying mechanism of 

individual behaviors that are otherwise unable to keep track of. Third, by employing a unique 

geographical feature of our dataset, we are able to significantly reduce the computational burden, 

and address the taxi routing problem that would otherwise almost impossible to solve. Fourth, our 

results also provide important managerial implications for taxi company as well as government to 

improve the efficiency of taxi industry.  

Our research is mainly related to three streams of research. First, previous research in 

Economics on taxi industry mainly focuses on labor supply among taxi drivers, and investigate how 

taxi drivers decide the hours of working and where they drive to look for passengers (Camerer et al 

1997, Farber 2006, Buchholz 2015). Second, our study is also related to the research using GPS 

sensor data in Computer Science  (e.g. Liu et al 2010, Ge et al 2010, Liu et al 2013). However, their 

focus is mainly on predicting driver behaviors, rather than examining the mechanism behind routing 

decisions. Our study is particularly related to the research by Zhang et al (2016) in which authors 

utilize taxi GPS data to examine how taxi drivers learn the change of market demand by observing 

other taxi drivers when the taxi is vacant. To the best of our knowledge, this research is the first that 

examines the routing decisions when the taxi is occupied.   

2. Data and Model  

In this research, we are able to collect GPS sensor data among all 23,264 taxis from one of the major 

taxi companies in Shanghai for the entire year of 2014. The dataset consists of three components. 

First, we are able to collect sensor tracking data, which includes longitude, latitude, speed, direction, 
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whether the taxi is occupied by passengers of each taxi every minute. Second, we also record the 

trip information for each trip: the pick-up and drop-off location, total fare amount, total distance, 

total waiting time, and total trip time. Third, we also collect the tunnel and bridge geo-location. 

Combined with the taxi sensor tracking data, we are able to recover the exact time stamp when a 

taxi enters a bridge or tunnel.  

 In the following paragraph, we present two models in this document. In the first model, we propose 

a multinomial logit model to examine which tunnel/bridge taxi driver will take. In the second model, 

we first define “optimal route” based on two criteria: time and trip distance. Optimal time route is 

the route with shortest time; optimal distance route is the one with shortest distance. Based on these 

two different optimal definitions, we consider the optimal decision of taxi drivers respectively. Both 

of these two models are estimated using Maximum Likelihood Estimation.  

Multinomial Logit Model for Tunnel/Bridge Selection  

To examine taxi drivers’ routing decision, we first start by building a multinomial logit model. 

Specifically, consider the scenario in which taxi 𝑖 makes the decision of which bridge 𝑗 he will take 

at time period 𝑡 for trip 𝑚. We define one period as one day. We use 𝑑𝑖𝑗𝑚𝑡 = 1 if 𝑖 decides to take 

bridge 𝑗 for trip 𝑚 at period 𝑡. It is worth mentioning that we use subscript 𝑡 just for notation 

convenience, as trip 𝑚 itself can uniquely identify period 𝑡. Then the utility that he can derive from 

this decision is:  

  𝑈𝑖𝑗𝑚𝑡 = 𝛽1𝑠𝑝𝑒𝑒𝑑𝑗𝑚 + 𝛽2𝑓𝑎𝑟𝑒𝑗𝑚 + 𝛽3𝑡𝑖𝑚𝑒𝑗𝑚 + 𝛽4𝑠𝑝𝑒𝑒𝑑𝑗𝑚 ∗ 𝑒𝑥𝑝𝑖𝑡 + 𝛽5𝑓𝑎𝑟𝑒𝑗𝑚 ∗ 

𝑒𝑥𝑝𝑖𝑡 + 𝛽6𝑡𝑖𝑚𝑒𝑗𝑚 ∗ 𝑒𝑥𝑝𝑖𝑡 + 𝛽7𝑠𝑝𝑒𝑒𝑑𝑗𝑚 ∗ 𝑔𝑎𝑠𝑡 + 𝛽8𝑓𝑎𝑟𝑒𝑗𝑚 ∗ 𝑔𝑎𝑠𝑡 + 𝛽9𝑡𝑖𝑚𝑒𝑗𝑚 ∗ 𝑔𝑎𝑠𝑡 + 

𝛽10𝑠𝑝𝑒𝑒𝑑𝑗𝑚 ∗ 𝑡𝑒𝑚𝑝𝑡 + 𝛽11𝑓𝑎𝑟𝑒𝑗𝑚 ∗ 𝑡𝑒𝑚𝑝𝑡 + 𝛽12𝑡𝑖𝑚𝑒𝑗𝑚 ∗ 𝑡𝑒𝑚𝑝𝑡 + 𝛽13𝑠𝑝𝑒𝑒𝑑𝑗𝑚 ∗ 𝑝𝑟𝑒𝑐𝑖𝑝𝑡 + 

𝛽14𝑓𝑎𝑟𝑒𝑗𝑚 ∗ 𝑝𝑟𝑒𝑐𝑖𝑝𝑡 + 𝛽15𝑡𝑖𝑚𝑒𝑗𝑚 ∗ 𝑝𝑟𝑒𝑐𝑖𝑝𝑡+𝛽16𝐵𝑟𝑖𝑑𝑔𝑒𝑗  

Thus the probability that taxi 𝑖 take bridge 𝑗 at period 𝑡 for trip 𝑚 can be calculated using a 

multinomial logit model:  

    

  We use table below to present the variable description:  

Table 1. Variable Description  

Variable   Description  

𝑠𝑝𝑒𝑒𝑑𝑗𝑚  This is the speed of traveling for trip 𝑚 if driver were taking bridge 𝑗 instead.   

𝑓𝑎𝑟𝑒𝑗𝑚  The expected fare of traveling for trip 𝑚 if driver were taking bridge 𝑗 instead.  

𝑡𝑖𝑚𝑒𝑗𝑚  The expected time of traveling for trip 𝑚 if driver were taking bridge 𝑗 instead.  

𝑒𝑥𝑝𝑖𝑡  This is the driving experience of taxi driver 𝑖 at period 𝑡. This is measured by the 

average number of trips within Puxi (West side of Huangpu River) or within 

Pudong (East side of Huangpu River) in the previous month  

𝑔𝑎𝑠𝑡  Gas price on day 𝑡  

𝑡𝑒𝑚𝑝𝑡  Deviation from average temperature across the whole year on day 𝑡. Thus extreme 

temperature (very cold/hot) can now influence the routing decision.  

𝑝𝑟𝑒𝑐𝑖𝑝𝑡  Precipitation on day 𝑡.  

𝑤𝑎𝑖𝑡𝑚  Average waiting time across bridges that a driver considers during trip m  

𝑏𝑟𝑖𝑑𝑔𝑒𝑗  This is a dummy variable indicating the current bridge that taxi driver considers   

Notice that we do not incorporate terms 𝑒𝑥𝑝𝑖𝑡, 𝑔𝑎𝑠𝑡 , 𝑡𝑒𝑚𝑝𝑡 , 𝑝𝑟𝑒𝑐𝑖𝑝𝑡 and 𝑤𝑎𝑖𝑡𝑡 as they will simply 
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cancel out with each other in a multinomial logit model. It is also worth mentioning that distance 

and fare of each trip are highly correlated (0.92), thus we only keep fare in the model.  

  The descriptive statistics table can be requested at the authors’.  

Logistic Model for Optimal Routing Decision  
Consider the scenario in which taxi 𝑖 makes the decision of which route he will take at time period 

𝑡 for trip 𝑚. We define one period as one day. We use 𝑑𝑖𝑗𝑚𝑡 = 1 if 𝑖 decides to take the  

“optimal route” 𝑗 for trip 𝑚 at period 𝑡, and zero otherwise (it could be optimal time or distance 

route). Then the utility that he can derive from this decision is:  

𝑈𝑖𝑗𝑚𝑡 = 𝛽1𝑡𝑖𝑚𝑒𝑗𝑚 + 𝛽2𝑠𝑝𝑒𝑒𝑑𝑗𝑚 + 𝛽3𝑓𝑎𝑟𝑒𝑗𝑚 + 𝛽4𝑒𝑥𝑝𝑖𝑡 + 𝛽5𝐺𝑎𝑠𝑡 + 𝛽6𝑇𝑒𝑚𝑝𝑡 + 𝛽7𝑃𝑟𝑒𝑐𝑖𝑝𝑡 

+ 𝛽8𝐺𝑎𝑠𝑡 ∗ 𝑒𝑥𝑝𝑖𝑡 + 𝛽9𝑇𝑒𝑚𝑝𝑡 ∗ 𝑒𝑥𝑝𝑖𝑡 + 𝛽10𝑃𝑟𝑒𝑐𝑖𝑝𝑡 ∗ 𝑒𝑥𝑝𝑖𝑡  

We have fewer covariates in this logistic model than that in multinomial logit model as we want to 

focus on the impact of driver experience on optimal routing decisions. Thus the probability that taxi 

𝑖 choose the optimal route 𝑗 is:  

   

3. Results and Discussion  

We first present the estimation results of this multinomial logit model in Table 2 below:  

Table 2. Multinomial Logit Model Estimation Results  

 
The coefficient before trip time is negative and significant, indicates that taxi driver tends to take 

the bridge that will decrease the trip time in general. However, the coefficient before fare is positive 

but insignificant, suggests that the taxi fare overall has no impact on the routing choice.   

Next, we examine how driver experience mediates the impact of speed, fare and time on 

routing decision. The coefficient before the interaction term between fare and experience is negative 

and significant, and the coefficient before the interaction term between time and experience is 

positive and significant. In other words, more experienced drivers are more likely to take route that 

brings fare down (shorter route most likely), but they are also willing to spend more time in the 

traffic. One of the potential explanations is that experienced drivers know the city better, thus they 

are able to choose the shortest route. This supports a learning mechanism for taxi drivers. In the 

Variable    Coefficient   

𝑠𝑝𝑒𝑒𝑑 𝑗𝑚       0.009   

𝑓𝑎𝑟𝑒 𝑗𝑚     0.011   

𝑡𝑖𝑚𝑒 𝑗𝑚   - 0.013*   

𝑠𝑝𝑒𝑒𝑑 𝑗𝑚 ∗ 𝑒𝑥𝑝 𝑖𝑡     -   0.001   

𝑓𝑎𝑟𝑒 𝑗𝑚 ∗ 𝑒𝑥𝑝 𝑖𝑡   - 0.008***   

𝑡𝑖𝑚𝑒 𝑗𝑚 ∗ 𝑒𝑥𝑝 𝑖𝑡     0.007***   

𝑠𝑝𝑒𝑒𝑑 𝑗𝑚 ∗ 𝑔𝑎𝑠 𝑡       0.043   

𝑓𝑎𝑟𝑒 𝑗𝑚 ∗ 𝑔𝑎𝑠 𝑡       0.031   

𝑡𝑖𝑚𝑒 𝑗𝑚 ∗ 𝑔𝑎𝑠 𝑡     - 0.053   

𝑠𝑝𝑒𝑒𝑑 𝑗𝑚 ∗ 𝑡𝑒𝑚𝑝 𝑡       0.109***   

𝑓𝑎𝑟𝑒 𝑗𝑚 ∗ 𝑡𝑒𝑚𝑝 𝑡     - 0.015   

𝑡𝑖𝑚𝑒 𝑗𝑚 ∗ 𝑡𝑒𝑚𝑝 𝑡       0.044   

𝑠𝑝𝑒𝑒𝑑 𝑗𝑚 ∗ 𝑝𝑟𝑒𝑐𝑖𝑝 𝑡       0.011***   

𝑓𝑎𝑟𝑒 𝑗𝑚 ∗ 𝑝𝑟𝑒𝑐𝑖𝑝 𝑡     - 0.008   

𝑡𝑖𝑚𝑒 𝑗𝑚 ∗ 𝑝𝑟𝑒𝑐𝑖𝑝 𝑡       0.013**   
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meanwhile, they can also tolerate route with more traffic (more time spent on route).   

Next, we present the estimation results from the Optimal Routing Model:  

Table 3. Estimation Results for Optimal Routing Model  

 
Due to page limit, we want to highlight the impact of driver experience on the optimal route 

decision, rather than going through all estimation results. The coefficient before 𝑒𝑥𝑝𝑖𝑡 is negative 

and significant for choosing optimal time route but is positive and significant for choosing optimal 

distance route. Thus more experienced drivers are more likely to take shorter route. In other words, 

experienced cab drivers know the whole city much better, thus they are more likely to take the 

shortest route.  This confirms a learning process for taxi drivers’ routing decisions. In the 

meanwhile, they are less likely to take optimal time route. It is worth mentioning that taxi fare can 

come from waiting in traffic as well as trip distance. In other words, it could be experienced taxi 

drivers’ strategy that they choose the route with more time so that they can obtain fare from waiting, 

rather than choose to obtain fare from farther distance. These two results are consistent with the 

interpretations from the estimation results of Multinomial Logit model.  

The coefficient before 𝐺𝑎𝑠𝑡 is negative and significant for optimal time route decision and is 

positive and significant for optimal distance route decision. Thus when gas price increases, drivers 

are more likely to take shorter route, as well as staying in traffic (thus longer time). One potential 

explanation is that shorter route allows drivers to make more trips every day to compensate for the 

higher gas price. In the meanwhile, the fuel cost of staying still in traffic is relatively low compared 

with the fuel cost of driving on road, while drivers can still collect additional fare staying in traffic. 

As a result, when gas price increases, taxi drivers tend to choose route with heavier traffic as it brings 

higher profit comparing with driving on route with less traffic.  

The coefficients before the interaction term between 𝐺𝑎𝑠𝑡 and 𝑒𝑥𝑝𝑖𝑡 is negative and 

significant for optimal distance route decision. Combined with the positive coefficient before 𝐺𝑎𝑠𝑡, 
this suggests that experienced drivers are less influenced by gas price increase compared with rookie 

drivers. The coefficient before the interaction term between 𝑻𝒆𝒎𝒑𝒕 and 𝒆𝒙𝒑𝒊𝒕 is positive and 

significant for optimal distance route. Combined with negative coefficients before 𝑻𝒆𝒎𝒑𝒕 , this 

suggests that experiences drivers are also less influenced by very hot or cold weathers. These results 

to some extend provide evidence for the learning process among taxi drivers as they are more 

resilient towards exogenous shocks, such as gas price change and extreme weather conditions.  

Discussion  
Our results demonstrate a significant learning process among taxi drivers. When they 

accumulate more and more experience through making more trips, they become more familiar with 

traffic conditions in the metropolitan area. Such experience is invaluable assets given the complex 

and constantly-changing traffic conditions in such a major city. By reaching destination with shorter 

and faster route, experience drivers can significantly increase social welfare. Thus it is highly 

  Optimal T ime   Optimal Distance   

𝑠𝑝𝑒𝑒𝑑 𝑗𝑚     0.002***   - 0.002***   

𝑓𝑎𝑟𝑒 𝑗𝑚   - 0.000   - 0.021***   

𝑡𝑖𝑚𝑒 𝑗𝑚   - 4.466***   - 0.190***   

𝑒𝑥𝑝 𝑖𝑡   - 0.027*     0.02 9*   

𝐺𝑎𝑠 𝑡   - 0.132**     0.112 **   

𝑇𝑒𝑚𝑝 𝑡     0.000   - 0.00 1***   

𝑃𝑟𝑒𝑐𝑖𝑝 𝑡   - 0.000*     0.000   

𝐺𝑎𝑠 𝑡 ∗ 𝑒𝑥𝑝 𝑖𝑡     0.003   - 0.003 *   

𝑇𝑒𝑚𝑝 𝑡 ∗ 𝑒𝑥𝑝 𝑖𝑡   - 0.000     0.000*   

𝑃𝑟𝑒𝑐𝑖𝑝 𝑡 ∗ 𝑒𝑥𝑝 𝑖𝑡   - 0.000   - 0.000   
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recommended that taxi companies and government should provide incentives to attract more 

experienced drivers, as well as implementing training programs to increase experience of existing 

drivers.  

In the meanwhile, our results also demonstrate how different taxi drivers react to gas price 

changes and weather conditions. In particular, we show that when gas price increases, drivers 

become more likely to choose route with heavier traffic. This result provides a lens that allows us to 

examine taxi driver incentive structures. This also suggests that government should take into account 

the social welfare loss when they plan to increase gas price.  
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Understanding the VOC from mass collections of service hotline text 
- A Structural Topic Modeling Approach 

 
Abstract 

 
Topic modeling is an important unsupervised learning approach and widely used to discover 
latent semantic topic from a large collection of text copra. While previous studies highlighted its 
effectiveness in the web and social media mining fields, limited research shifted the focus to its 
application in the traditional service hotline text context. Using structural topic modeling 
algorithm and a unique dataset containing 700 thousand records of transcribed hotline text from 
a Chinese telecom operator, this paper reveals that structural topic modeling can be applied to 
automatic detect the user opinion topic distribution, topic characteristics as well as the patterns 
of the topic trend. A text mining framework tailored to enhance the understanding of voice of 
customer (VOC) via service hotline text are proposed. 
 
Keywords: VOC, Service hotline, Structural topic modeling, opinion detection 
 

1. Introduction 
Customer Service Hotline (abbreviated as Hotline) is one of the important service channel 
bridging the communication between firms and consumers. User can deliver a complaint, seek 
information, or give business a compliment. Companies can hear the voice of customer (VOC) 
and collect the first hand responses regarding  the product and service experience directly and 
objectively. Thus information collected from the hotline is generally used for service satisfaction 
analysis. With the maturity and application of speech recognition technology, the hotline voice 
recording file can be transcribed to the text format, thereby providing the opportunity for text 
content analysis. Due to the technology inefficiency to automatically detect the user opinion 
topic from the large volume of the text, traditionally, analyst in the service department can only 
use the sampling method to randomly select the text records to manually conduct content 
analysis. The quality and efficiency of the analysis is limited. Opinion mining is one of the 
hottest research field in the text mining area. Although many unsupervised learning approach 
were proposed to advance the application of automatic topic detection within the web and social 
network research area in the past years, limited research focuses are extended to the large scale 
hotline text mining. To address this research gap, using structural topic modeling (STM), an 
improved LDA based algorithm, and a unique dataset containing 700 thousand records of 
transcribed hotline text, this paper tries to (1) propose a framework on how to detect user opinion 
topic automatically from a large collection of transcribed raw text through semantic topic mining; 
(2) uncover  the user opinion topic distribution, topic characteristics as well as the patterns of 
the topic trend. The contribution of the paper are twofold: First, validate the applicability of STM 
in the area of telecom customer opinion mining. Second, provide a use case and demonstrate 
how to use STM to analyze large volume of Chinese copra.  
The rest of the paper is organized as follows: Section 2 reviews related work and summarizes the 
uniqueness of the hotline text with other source type of text. Section 3 first introduces STM and 
its features comparing with other LDA based algorithms. Furthermore, the STM algorithm was 
used to automatically detect the user opinion topic distribution and its characteristics. 
Implications and suggestions are concluded in the section 4. 
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2. Related Work 
2.1 Opinion mining in the context of hotline text 
Hotline text usually reflects the views and opinions of customer experiences of goods and 
services. While some views, such as descriptions of product or service failures, are factual based 
judgments, more opinions show the attitudes and emotional tendencies of the individuals which 
is the focus of opinion mining. Kim (2004)1 and Yao et al.(2008)2 contend that opinion mining 
offers automated analysis of text content and is mainly to solve four different but inherently 
related problems:(1) subjectivity classification; (2) opinion extraction；(3)word sentiment 
classification and (4) document sentiment classification. Specifically, the former two deals with 
the semantic mining of the document contents while the latter two focus on the sentiment 
analysis of the text.  
Prior researches in the field of opinion mining mainly investigated the internet user generated 
contents, like product review from E-commerce websites ( Shi, 20113, Yan, 20104). Later, as the 
Internet social media booming, semantic and sentiment analysis of the user responses to the 
service experiences came to the research focus. Peng etc. (2011) 5proposed a framework for the 
feature extraction and viewpoints classification from Chinese hotel reviews; Zhuang etc. (2006) 
6focused on the opinion extraction and sentiment polarity judgment from the movie reviews; 
Zhang (2010)7 improved the news recommendation system by incorporating sentiment tendency 
of the user reviews in the social media with recommended news.  
Although public available unstructured data- in the forms of blogs, web pages and social 
networks- became the main sources of opinion mining in the past researches, limited attention 
are turned to the customer hotline text which stored in the firm with great potential value. In 
addition, in contrast with traditional article type text and internet short text,  some differences 
with distinct characteristics need to be considered before opinion extraction. A comparison 
among three types of text with character, word and document level is summarized in Table 1. 

Table 1   Comparisons among three types of text  

dimensions  
Customer service hotline 

text  
Traditional article 

type text  
Internet short text (microblog/ User 

review)  
Character 
length per 
document 

250-300  500 or more  less than 100  

Content  
specialization  

Besides general 
vocabulary,  
industry-specific 
vocabulary is needed  to  
identify terms and new 
words  

General vocabulary 
support only 

General vocabulary and Colloquial and 
new words vocabulary support 

Semantic 
Integrity  

Semantic confusion of 
polysemy 

Formal and semantic 
completedness  

Mixed with hyperlinks, emoji and other 
emotional symbol, as well as polysemy 

Syntactic 
integrity  

Semantic incompletedness 
of the sentence like subject, 
or predicate 

Formal and syntactic 
completedness 

Substantially incomplete, often omit the 
subject, object  

Topic/Theme 
convergency 

Mulit divergent and 
correlated topics beween 
paragraphs 

Convergent topic 
between paragraphs  

Topic-jumping very often between 
paragraphs 

  
It shows in Table 1 that at least two distinct characteristics should be examined when discovering 
main themes from the collection of hotline text. First, a robust telecom industry-specific word 
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vocabulary is needed to facilitate transforming single Chinese character to domain-specific 
semantic unit of word. Second, to deal with the semantic confusion of polysemy in the word 
level, unsupervised learning algorithms should be applied. 
2.2 Opinion extraction method selection 
As mentioned in the introduction section, to enhance the understanding of VOC, analyst in the 
service department need a tool to facilitate detection of the main topics from the mass collection 
of hotline text sets. Although traditional feature extraction mainly focuses on the word or 
sentence level, opinion extraction approach like topic modeling is increasingly applied to topic of 
interest( latent semantic analysis) from large text copra. Building on the traditional probabilistic 
topic models, such as the Latent Dirichlet Allocation (LDA)(Blei et al., 2003)11 and Correlated 
Topic Model(CTM) (Blei and Lafferty, 2007)12, the Structural Topic Model (STM) which 
proposed by Roberts et al. (2013) 14shows its innovation that can permit users to incorporate 
metadata, defined as information or attributes about each document, into the topic model. So the 
analyst may discover topics and estimate their relationship to document metadata. Since STM is 
a kind of unsupervised methods which uncover the most prevalent and overarching themes of the 
text, it is suitable to the context that people have no priori expectations and are interested in 
topics that they might not have considered before. 
Like other topic models, the STM is a generative model which means a data generating process 
should be defined for each document and the data need to be used to find the most likely values 
for the parameters within the model. Figure 1 below highlights the case where topical prevalence 
and topical content can be a function of document metadata. Here we define topical prevalence 
as how much of a document is associated with a topic(left hand side) and topical content as the 
words used within a topic(right hand side). Hence metadata that explain topical prevalence 
topical prevalence covariates while variables that explain topical content are topical content 
covariates. 

 
Figure 1 the graphical model of STM 

The generative process for each document (indexed by d) for a STM model with k topics can be 
described as the following three steps: 
Step1: Draw the document-level attention to each topic from a logistic-normal generalized 
linear model based on document covariates Xd.  

 
Step2: Form the document-specific distribution over words representing each topic (k) using the 
baseline word distribution (m), the topic specific deviation κk, the covariate group deviation κg 
and the interaction between the two κi. 

 
Step3: For each word in the document, (n ∈ 1, . . . , Nd): 

 Draw word’s topic assignment based on the document-specific distribution over 
topics. 
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 Conditional on the topic chosen, draw an observed word from that topic. 

 
Following that is a semi-collapsed variational Expectation-Maximization algorithm and is used 
to estimate the model parameters upon convergence met. Figure 2 depicts the generation process 
and estimation of STM. 

 
Figure 2 Heuristic description of generative process and estimation of the STM 

 

3. Automatic topic detection from hotline text with the STM  
We now illustrate the STM workflow in Chinese character context and results by analyzing data 
collected from a local call center which contains nearly 700K customer responses text from Sep 
2012 to Aug 2013. These data speak directly to questions about customer reactions to the 
services they had encountered. The STM allows analyst to analyze the common patterns that 
users describe their complaints in their own words and the trends when topics varies with time 
covariate.  
3.1 Analytic Workflow with Structural Topic Model 
With the STM, different sources of text data such as newspapers(Roberts et al., 2015)15, open 
ended survey responses(Roberts et al., 2014) 14and Twitter feeds(Lucas et al., 2015)16 were used 
to explore, analyze and visualize the findings behind the relationship of topics and document 
metadata. To apply it in Chinese character context, a text mining framework illustrating the 
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preprocessing, the word vocabulary building and Chinese character segmentation as well as 
analysis with STM is depicted in figure 3. 

 
Figure 3 Framework of the topic detection from the service hotline texts with STM 

 
Three steps are summarized as follows: 
Step1: Text importing and preprocessing. Since each hotline text is a complete transcribe that 
record the phone call of the customer, we import the raw data from service hotline database and 
clean it in two ways. First, professional vocabulary suitable for the telecommunication service 
context are created using word2vec in gensim. Second, Chinese character segmentation using 
ICTCLAS engine is applied to create suitable data format. Through these actions, output 
documents, vocabulary and metadata are prepared for the next STM estimation. 
Step2: Topic selection and model parameter convergence 
Perplexity score are used for the optimal topic number evaluation as low perplexity indicates 
better generalization performance13. Topic number 20 is chosen for the next model estimation. 
Using spectral initialization which is deterministic and globally consistent under reasonable 
conditions when starting the STM estimation procedure, the output of the model, keywords 
associated with specific topics, topics correlation and relationship between metadata and topical 
content are further investigated.  
Step3: Model interpretation and result visualization      
The STM model interpretation can be displayed in several ways. First, understanding the opinion 
topics distribution and its associated keywords. Second, Metadata/topic relationship visualization. 
We allow for the time variable to have a non-linear relationship in the topic estimation stage. 
Then we can plot its effect on opinion topics. In addition, the STM permits correlations between 
topics. Positive correlations between topics indicate that both topics are likely to be discussed 
within a document. After calculating which topics are correlated with one another, the 
correlation graph to observe the connection between topics are presented.  
3.2 Preliminary findings  
Followed by the aforementioned procedure, first, the probability distribution of the hot topics 
extracted from hotline text are shown in figure 4. it can be seen that topic 19 (over 8%) has the 
largest proportion of the amount of text in the full text copra. Table 1 also lists the top 6 topics 
(accounting for 37.33% cumulative probability) and keyword phrases belong to that topic. 

Table 1   keywords list in Top 6 topics 
Topic 19 Topic 5 Topic 13 Topic 2 Topic 8 Topic 6 

password collection 
impostor 
network 

network age 
upgrade 

Hyun bell not handled 

face value bill roaming charges change fiber credit SMS packets 

can not recharge bank traffic packets traffic 
Hyun bell 
business 

fixed network 
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Figure 4  probability distribution for the top 20 topics 

 
Second, correlation analysis among 20 topic are shown in Figure 5. It shows that only several 
topics are closely correlated which means the distribution of the opinion are widely scattered. 

 
Figure 5  Topic correlation diagram 

Last, graphical display of topic prevalence are shown in figure 6. It shows that the majority of 
the expected opinion topics proportions are decreased month by month.  

 
Figure 6  Topic probability distribution over time (Sep, 2013-Sep, 2014) 
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4. Implications and future directions 
While previous studies highlighted its effectiveness in the web and social media mining fields, 
limited research shifted the focus to its application in the traditional service hotline text context. 
Using structural topic modeling algorithm and a unique dataset containing 700 thousand records 
of transcribed hotline text from a Chinese telecom operator, this paper reveals that structural 
topic modeling can be applied to automatic detect the user opinion topic distribution, topic 
characteristics as well as the patterns of the topic trend. Future research can be extended to 
accommodate more metadata into the STM analysis and discover more interesting insights. 
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Predicting Airbnb Listing Matching Probability Using Bilateral Reviews 
 

Abstract 
 
On sharing economy platforms such as Airbnb, both buyers and sellers play important roles in 
enabling the success of transactions. In order for both sides to agree to transact, their preferences 
must align. In this paper, we design a predictive model based on the framework of topic models 
aiming to match buyers and sellers more efficiently by considering bilateral reviews. To the best 
of our knowledge, this problem has not been studied before. To evaluate our proposed model, we 
collect data by crawling Airbnb, a prominent online marketplace of sharing economy for housing 
and accommodations. Preliminary experiments have been conducted to evaluate our predictive 
model. Our method significantly outperforms other alternative methods. 
 
Keywords: Sharing Economy, Airbnb, Bilateral Reviews, Topic Model, LDA, Prediction 
 
1. Introduction 
Sharing economy, also known as collaborative consumption, is a trending business concept that 
owners rent out something they are not using, such as a car, a house or a bicycle to strangers. By 
providing these peer-to-peer services, platforms such as Airbnb and Uber have been experiencing 
explosive growth in recent years (Einav et al. 2016). Unlike traditional e-commerce platforms such 
as Amazon, on these peer-to-peer platforms, users on both sides (e.g. guests and hosts on Airbnb) 
have the power to decide whether a potential transaction will go through. When a user decides to 
book an accommodation listed on Airbnb after reviewing information about appropriate listings, 
she will place a request for booking, and the host of the listing will examine information about this 
potential guest before deciding to accept the booking request or not. On Airbnb, hosts reject 
proposals to transact by potential guests 49% of the time, causing potential guests to leave the 
market although there are potentially good matches remaining (Fradkin 2015).   
 Due to the nature of sharing economy, most platforms have reciprocal rating or review 
systems to build trust among their users which can help increase transaction success rate. On 
Airbnb, the guest and the host are asked to post reviews for each other to evaluate their experience 
after every transaction. In particular, only after both guest and host submit reviews, their comments 
can be displayed to the public. This reciprocal review process can maintain relative information 
balance between guests and hosts. Historical bilateral reviews left by previous guests or hosts 
become the most important source of information for both guests and hosts during their decision-
making process.   

When a user is looking for a listing, she will read reviews for a host or listing left by other 
guests when deciding whether there is a good match. Once the guest places a request for booking, 
the host of the listing will read reviews for this potential guest left by other hosts to see whether 
the guest’s quality matches expectation before deciding to accept the booking request or not. 
Whether or not the transaction will materialize highly depend on these two matching processes. In 
this paper, we model these two matching processes. Our model will help guests find the listings 
that they are most likely interested in and that will most probably be accepted by the host. 
Implementing such a predictive model will increase the transaction success rate and thus benefit 
both guests and hosts, as well as the platform. 
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  In this paper, we build a predictive model to choose the top listings which have the highest 
chance of being booked successfully based on preferences from both guests and hosts. These 
preferences can be extracted from bilateral reviews posted for historical transactions. To the best 
of our knowledge, this problem has not been studied before. Our predictive model is built based 
on topic models. Preliminary experiments conducted on a 2-month dataset collected from Airbnb 
demonstrates that our method performs significantly better than other alternative methods. This 
paper is work-in-progress, and we will further improve our method and conduct more 
comprehensive experiments on a 2-year dataset.  
 
2. Problem Description and Methods 
 
2.1 Problem Description 
In Airbnb, the guest can search and choose where to stay based on the information available on 
the host’s page and the listing’s page. Correspondingly, the host can decide whether or not to 
accept a guest’s booking request based on the information presented on the guest’s page. Our 
research problem is to predict the probability that the guest successfully makes a booking for a 
host’s listing. If Airbnb only returns the top listings with the highest success rate when a guest 
searches, it will increase the chance the guest requests booking one of the displayed listings and at 
the same time deduce unnecessary booking requests turned down by the host. 
 In earlier research, the matching probability is calculated based on the similarity between 
the guest’s preferences for the accommodation and the basic profiles of the listing. Some studies 
have introduced online reviews, but online reviews in traditional e-commerce platforms are always 
unilateral: users’ review for items. Here, we consider bilateral reviews which has not been studied 
before. 
 As shown in Figure 1, for an active guest 𝑔𝑔𝑖𝑖 , his accommodation preferences can be 
reflected in the collection of historical reviews he has ever posted for listings, which is denoted by 
A<𝑔𝑔𝑖𝑖,~>. Besides, his quality as a guest can be revealed by the collection of reviews he has ever 
received from hosts, which is denoted by B<~,𝑔𝑔𝑖𝑖>. For an active listing 𝑙𝑙𝑗𝑗 and its host ℎ𝑘𝑘, the 
host’s requirements for guests is contained in the collection of reviews this host has ever written 
to evaluate guests, which is denoted by B<ℎ𝑘𝑘,~>. The characteristics of listing 𝑙𝑙𝑗𝑗 can be inferred 
from the collection of reviews this listing has ever received from guests, which is denoted by 
A<~,𝑙𝑙𝑗𝑗>. Note that A indicates reviews written by guests, and B indicates reviews written by hosts.  
 

Figure 1. Summary of notations. 

 
Following the notations above, our task is to predict the probability that the guest 𝑔𝑔𝑖𝑖 is 

matched with the listing 𝑙𝑙𝑗𝑗 hosted by the host ℎ𝑘𝑘:  
𝑃𝑃(𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀ℎ = 1 | 𝑔𝑔𝑖𝑖, 𝑙𝑙𝑗𝑗 ,ℎ𝑘𝑘) 
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2.2 Methods 
To calculate the matching probability, we consider two matching processes. In the first matching 
process, guest 𝑔𝑔𝑖𝑖  examines all historical reviews for listing 𝑙𝑙𝑗𝑗 , and compares with his own 
preferences. We use 𝑃𝑃(𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀ℎ = 1 | 𝐴𝐴<𝑔𝑔𝑖𝑖,~>,  𝐴𝐴<~,𝑙𝑙𝑗𝑗>) to denote the matching probability in 
the first matching process, which is essentially the probability that guest 𝑔𝑔𝑖𝑖 decides to request 
booking for 𝑙𝑙𝑗𝑗 . In the second subsequent matching process, host ℎ𝑘𝑘  checks all the reviews 
received by guest 𝑔𝑔𝑖𝑖  and compare with the host’s requirements for guests. The matching 
probability in the second process is denoted by 𝑃𝑃(𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀ℎ = 1 | 𝐵𝐵<ℎ𝑘𝑘,~>,  𝐵𝐵<~,𝑔𝑔𝑖𝑖>), which is the 
probability that host ℎ𝑘𝑘  accepts the booking request from guest 𝑔𝑔𝑖𝑖 . The probability that the 
transaction will go through (i.e. there is a match among 𝑔𝑔𝑖𝑖 , 𝑙𝑙𝑗𝑗  and ℎ𝑘𝑘 ) is the product of the 
probabilities for the two consecutive matching processes, i.e.  
𝑃𝑃(𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀ℎ = 1 | 𝑔𝑔𝑖𝑖, 𝑙𝑙𝑗𝑗 ,ℎ𝑘𝑘) = 𝑃𝑃(𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀ℎ = 1|𝐴𝐴<𝑔𝑔𝑖𝑖,~>,𝐴𝐴<~,𝑙𝑙𝑗𝑗>) ∙ 𝑃𝑃(𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀ℎ = 1|𝐵𝐵<ℎ𝑘𝑘,~>,𝐵𝐵<~,𝑔𝑔𝑖𝑖>) 
 Because we can rank order the listings based on the matching probabilities, it is not crucial 
to estimate the exact value of the probabilities. Therefore, we use similarity between collections 
of reviews to estimate the relative probability for both matching processes. For the first matching 
process, if the collection of historical reviews for listing 𝑙𝑙𝑗𝑗 (i.e. 𝐴𝐴<~,𝑙𝑙𝑗𝑗>) is more similar to the 
collection of reviews ever written by 𝑔𝑔𝑖𝑖  (i.e. 𝐴𝐴<𝑔𝑔𝑖𝑖,~>), then guest 𝑔𝑔𝑖𝑖  will be more likely to 
request booking listing 𝑙𝑙𝑗𝑗. Likewise, if the collection of historical reviews received by guest 𝑔𝑔𝑖𝑖 
(i.e. 𝐵𝐵<~,𝑔𝑔𝑖𝑖>) is more similar to the collection of reviews ever written by ℎ𝑘𝑘 (i.e. 𝐵𝐵<ℎ𝑘𝑘,~>), then 
host ℎ𝑘𝑘 is more likely to accept the booking request from guest 𝑔𝑔𝑖𝑖.  

In order to calculate the similarity between collections of reviews, we adopt LDA (Latent 
Dirichlet Allocation), a fundamental topic model (Blei et al. 2003). LDA is a generative 
probabilistic model of a corpus. The basic idea is that documents are represented as random 
mixtures over latent topics, where each topic is characterized by a distribution over words. As 
shown in Figure 2, for each word at the 𝑛𝑛th position in document 𝐷𝐷𝑚𝑚, we can choose a topic 𝑧𝑧𝑚𝑚,𝑛𝑛 
from 𝐾𝐾  latent topics, and then generate the word 𝑊𝑊𝑚𝑚,𝑛𝑛  based on the topic-word distribution 
ϕ𝑧𝑧𝑚𝑚,𝑛𝑛. Through this, documents can be clustered into latent topics and represented by topic vectors 
with 𝐾𝐾 dimensions. 
 

Figure 2. Graphical model representation of LDA 

 
Reviews from a certain guest 𝐴𝐴<𝑔𝑔𝑖𝑖,~>  and reviews to a certain listing 𝐴𝐴<~,𝑙𝑙𝑗𝑗>  are all 

reviews written by guests, and thus can be regarded as the same kind of documents which can be 
handled in the same LDA. Similarly, reviews from a certain host 𝐵𝐵<ℎ𝑘𝑘,~> and reviews to a certain 
guest 𝐵𝐵<~,𝑔𝑔𝑖𝑖> are all reviews written by hosts, and will be handled in the same LDA. Therefore, 
we build two LDA models here to process bilateral reviews. We use collapsed Gibbs sampling to 
infer all parameters. By doing do, we can generate topic vectors: 𝐴𝐴𝑣𝑣𝑒𝑒𝑒𝑒 and 𝐵𝐵𝑣𝑣𝑒𝑒𝑒𝑒. By computing 
the similarity between these vectors, we can compute the matching probability as follows: 

275



 
 

4 

𝑃𝑃(𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀ℎ = 1 | 𝑔𝑔𝑖𝑖, 𝑙𝑙𝑗𝑗 ,ℎ𝑘𝑘) = 𝑠𝑠𝑠𝑠𝑠𝑠(𝐴𝐴<𝑔𝑔𝑖𝑖,~>
𝑣𝑣𝑒𝑒𝑒𝑒 ,𝐴𝐴<~,𝑙𝑙𝑗𝑗>

𝑣𝑣𝑒𝑒𝑒𝑒 ) ∙ 𝑠𝑠𝑠𝑠𝑠𝑠(𝐵𝐵<ℎ𝑘𝑘,~>
𝑣𝑣𝑒𝑒𝑒𝑒 ,𝐵𝐵<~,𝑔𝑔𝑖𝑖>

𝑣𝑣𝑒𝑒𝑒𝑒 ) 
After generating topic vectors, we compute the similarity between vectors by the cosine 

similarity formula as follows: 

cos(𝑿𝑿,𝒀𝒀) =
𝑿𝑿 ∙ 𝒀𝒀

‖𝑿𝑿‖‖𝒀𝒀‖
=

∑𝑋𝑋𝑖𝑖𝑌𝑌𝑖𝑖

�𝑋𝑋𝑖𝑖2�𝑌𝑌𝑖𝑖2
 

where 𝑋𝑋𝑖𝑖 and 𝑌𝑌𝑖𝑖 are components of vector 𝑿𝑿 and 𝒀𝒀 respectively. 
 Based on this predictive model, we can obtain the matching probability of any tuple 
(𝑔𝑔𝑖𝑖, 𝑙𝑙𝑗𝑗 ,ℎ𝑘𝑘) by analyzing their bilateral reviews. Subsequently, we can pick the top listings with the 
highest probability of being booked to present to the guest. We provide more details about the 
implementation in Section 3 below.  
 
3. Preliminary Experiments 
 
3.1 Data Description 
We conduct several experiments with a real-world dataset to validate our ideas and evaluate our 
proposed methods. To begin with, we collect data from Inside Airbnb1, which is an independent, 
non-commercial set of tools and data that allows us to explore how Airbnb is really being used in 
cities around the world. They provide the Airbnb data in 43 big cities. We choose New York City, 
which is crawled the most frequently (about once per month), to build our own Airbnb Dataset. 
Based on active guests, hosts and listings extracted from Inside Airbnb, we crawl relevant 
information (e.g. descriptions and reviews) from the Airbnb2 website. We have collected basic 
profiles of hosts, guests and listings, and their bilateral online reviews from October to November 
in 2016. In the future, the time range will be expanded to two years: from 2015 to 2016. Descriptive 
statistics of our Airbnb dataset is provided in Table 1. 
 

Table 1. Summary of the Airbnb dataset for New York City. 
 Guest Host Listing Transaction 

Size 77,577 16,680 20,236 121,339 
 
3.2 Experimental Results 
We use historical data before 1st November as the training set and transactions after that time as 
the test set. For each transaction in the test set, we combine the booked listing with its similar 
listings provided by Airbnb to generate the candidate set, whose size is about 25. We then calculate 
the matching probability for each listing in the candidate set, and pick the top N listings based on 
predicted probability. For evaluation, we check whether the booked listing is among the top N 
listings we generated, and we call this hit rate.  

In this paper, we compare our methods with several baselines, including random selection, 
collaborative filtering, and LDA with unilateral online reviews. All alternative methods are 
summarized as below. 

• RAND: Random selection from the candidate set. 
• CF_DESC: Collaborative Filtering on listing description. 

                                                 
1 http://insideairbnb.com 
2 https://www.airbnb.com 
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• CF_G2H: Collaborative Filtering on reviews from guests to hosts. 
• CF_H2G: Collaborative Filtering on reviews from hosts to guests. 
• LDA_DESC: Latent Dirichlet Allocation on listing description. 
• LDA_G2H: Latent Dirichlet Allocation on reviews from guests to hosts. 
• LDA_H2G: Latent Dirichlet Allocation on reviews from hosts to guests. 
• LDA_BOTH: Latent Dirichlet Allocation on reviews both from hosts to guests and 

from hosts to guests. 
We vary N between 1 and 10 and compare hit rate among all alternative methods as shown 

in Figure 3. Among all the LDA-based methods, we set the number of latent topic as 100. The 
results show that our LDA_BOTH method which leverages bilateral online reviews provides the 
best prediction performance than other methods. In addition, our performance advantages are 
consistent as parameter N changes.  

 
Figure 3. Comparison of the hit rate. 

 
4. Related Work 
Some research about content-based recommender systems has introduced text contents, especially 
online reviews to recommendation. Wang and Blei (2011) combine the merits of traditional 
collaborative filtering and probabilistic topic modeling to form recommendations for both existing 
and newly published articles. McAuley and Leskovec (2013) combine latent rating dimensions 
with latent review topics for product recommendation. Zheng et al. (2017) propose a deep model 
to learn item properties and user behaviors jointly from review text. However, all the above 
methods are only based on unilateral online reviews: from users to items.  

Several studies have focused on reciprocal online platforms, such as online dating and 
online recruiting. Hitsch et al. (2010) explain the economics of match formation, estimate mate 
preferences, and then use a classic algorithm to predict matching outcomes. Li and Li (2012) model 
the correlations of users as a bipartite graph that maintains both local and global reciprocal utilities 
and propose a generalized framework for reciprocal recommendation. Kutty et al. (2014) provide 
an in-depth study of online dating network by modeling the network using a novel representation 
called the attributed node graph and conduct analysis using SNA methods. On online dating and 
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job hunting websites, online reviews barely exist. Even if there exists some online reviews, 
previous studies in this context pay attention to graph structures rather than bilateral online reviews. 

Sharing economy has drawn attention from many researchers. Hamari et al. (2015) 
investigate people's motivations to participate in collaborative consumption. The results show that 
participation in collaborative consumption is motivated by many factors such as its sustainability, 
enjoyment of the activity as well as economic gains. Einav et al. (2016) summarize the primary 
function of peer-to-peer markets and discuss elements of market design that make this possible. 
Some empirical studies have focused on Airbnb, one of the most important firms of the sharing 
economy. Farronato and Fradkin (2016) use the market for short-term accommodation to study the 
determinants of Airbnb growth and its effects on the hotel industry. Zervas et al. (2017) explore 
the economic impact of the sharing economy by analyzing Airbnb's entry into the state of Texas 
and quantify its impact on the Texas hotel industry. Fradkin et al. (2015) conduct field experiments 
in the setting of Airbnb to study the determinants of reviewing behavior, the extent to which 
reviews are biased, and whether changes in the design of reputation systems can reduce that bias. 
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Abstract 

From the perspectives of macroeconomics, this paper highlights the spillover effect of innovation 

on economic growth. We aim to separately identify the “Leader Effect” and “Peer Effect” in terms 

of innovation and discussed the eventual economic consequence from innovation spillover. Based 

on the latest available data from China, we performed a classic empirical panel regression. The 

results demonstrate a negative spillover effect from innovation leaders to economic growth and a 

positive spillover effect from innovation peers. Robustness checks also support our conclusion. This 

study has implications in the endogenous economic growth theory and industry practice. 

 

Keywords: Innovation, Spillover Effect, Economic Growth 

 

1. Introduction 

The global economic growth has been declining in the past decade since financial crisis in 2008. 

Despite the diminishing returns of productivity factors such as physical capital and labor, innovation 

investment presents a salient contribution to economic development for sustainable growth in the 

long run. In this study, we build a framework of economic growth considering innovation investment 

and our focus is to examine its externality or the “spillover effect” of innovation.  

Externality has been widely discussed in various disciplines. Externality accentuates the 

unintended consequences to others through certain economic activity by one party, such as 

innovation investment, pollution emission etc. Similarly, spillover effect refers to the impact of one 

party to its related parties, including its competitors, cooperators and regulators. Innovation, which 

facilitates the technology progress, distinguishes itself in the presence of   spillover effect.  

Traditionally, the overall spillover effect of innovation was generally considered to be positive. 

We extend the classic proposition on innovation, measured by Research and Development (R&D) 

stock volume. In this study, we decompose the spillover effect of innovation into two different 

portions, i.e., “Leader Effect” and “Peer Effect”, disentangling the net effect of innovation spillover. 

The term “Leader Effect” herein focuses on the innovation conglomerates’ impact on other 

medium- or small-sized innovators, particularly the dominant position held by “innovation leaders”. 

We draw on the “Flying Geese Model” (Kojima 2000), to develop our theoretical foundation. Flying 

Geese Model leverages the pattern of economic growth myriad in Asia after 1960s, to underscore the 

leading role by Japan. This model articulates resource dispersion of dominant players to other parties 

within an economic system. Whereas, the term “Peer Effect” tells the impact between relatively 

comparable parties, in terms of innovation capacity and capability, on each other. In this paper, we 

quantify “Leaders” and “Peers” on R&D investment intensity (the ratio of R&D investment over 

GDP). 

To capture the defined spillover effect above, we constructed a spatial matrix based on regions’ 

ranking of R&D intensity. According to average R&D investment intensity in the year of 2000 to 

2014, we regard Beijing, Tianjin, Shanghai and Guangdong Province, as the “Innovation Leaders”, 
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whose ranks keep stable in top 10 percent in the last decade. When the ranking gap between two 

regions is limited to one, the two regions are considered as economically adjacent or “Innovation 

Peers”.  

    To our knowledge, although there are ample works studying innovation and economic growth, 

especially those by neo-classical macro economists (Coe and Helpman 1995; Coe, Helpman, and 

Hoffmaister 2009), there is scarce academic research considering the spillover effect of innovation 

and embedded mechanism in the economic sense, especially in the context of China. Meanwhile, the 

majority of studies employ firm-level data and discuss the impact of intra- or inter-sector spillover 

effect (Scherer 1982; Cheng and Nault 2007, 2011; Tambe and Hitt 2013). 

In light of spillover effects, this paper concentrates on the intrinsic mechanisms that have not 

been empirically investigated. Given the existing work, we focus on the macro-level spillover effect 

driven by innovation, and we incorporate spillover effect from innovation leaders peers into a unified 

framework. 

We collected R&D investment data of China’s provincial-level regions in the period of 2000 

and 2014 and construct a bi-directional fixed effects econometrics model. Our empirical analysis 

suggests that the innovation leaders may likely stymie other regions while innovation peers can 

stimulate others’ economic growth. We also verified the two streams of inter-regional innovation 

transmission based on a conventional spatial econometrics model, the results support the positive 

spillover in terms of innovation capabilities. 

2. Model and Data 

Our empirical model is based on classic Cobb-Douglas production function, which explicitly 

displays the elasticity of each production factor. We use fixed effects econometric model as shown 

below.  

𝑙𝑜𝑔𝑌𝑖𝑡 = 𝛼0 + 𝛼1∑ 𝑢𝑖𝑗 ∙ 𝑙𝑜𝑔𝑅𝐷𝑗𝑡
𝑛
𝑗=1 + 𝛼2∑ 𝑣𝑖𝑗 ∙ 𝑙𝑜𝑔𝑅𝐷𝑗𝑡

𝑛
𝑗=1 + 𝛼3 log(𝐾𝑖𝑡) + 𝛼4 log(𝐿𝑖𝑡) +

𝛼5 log(𝑅𝐷𝑖𝑡) + 𝜇𝑖 + 𝜆𝑡 + 휀𝑖𝑡 (1) 

where for region i in year t, 

𝑌𝑖𝑡 refers to GDP (Gross Domestic Product) volume, 𝑅𝐷𝑖𝑡 is R&D stock, 𝐾𝑖𝑡 is the physical capital 

stock, 𝐿𝑖𝑡  is the total number of labors.𝑢𝑖𝑗＝1  if region 𝑗  is “Innovation Leader” and 𝑢𝑖𝑗＝0 

otherwise. 𝑣𝑖𝑗＝1 if region 𝑗 is “Innovation Peer” w.r.t region 𝑖 and 𝑣𝑖𝑗＝0 otherwise. 

𝜇𝑖  is individual fixed effect and 𝜆𝑡  is time fixed effect, 휀𝑖𝑡  is white noise.Our dataset, 

consisting a strongly balanced panel of 31 provincial economic regions and the period from 2000 to 

2014, is obtained from China’s National Bureau of Statistics (NBS). The descriptive summary 

statistics is listed in Table 1. 

Table 2 Summary Statistics of Key Variables 

Variable Mean S.D. Min Max 

GDP（Unit：Hundred Million RMB） 8001.53 8101.92 117.80 50144.72 

Log_GDP 3.68 0.50 2.07 4.70 

K（Unit：Hundred Million RMB） 22026.34 22797.38 220.00 126967.90 

Log_K 4.11 0.50 2.34 5.10 

L（Unit：Ten thousand Persons） 459.43 466.79 124.188 8311.00 

Log_L 3.24 0.40 2.09 3.82 

R&D Stock（Unit：Hundred Million RMB） 420.12 645.77 0.63 4283.81 
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Log_R&D Stock 2.15 0.74 -0.20 3.63 

To tease out the fluctuation of price, all of the variables above are deflated using corresponding 

deflators (the base year is 2000). For the variable 𝐾 and 𝑅𝐷, we estimated the stock volume using 

the classic perpetual inventory method, which has been applied in previous research (Zhang 2008; 

Hall and Mairesse 1995). The discount rate for R&D stock was set to be 15 percent, following the 

identical parameters in extant literatures (Hall and Mairesse 1995). 

   Our interest of the coefficients in model (1) are 𝛼1  and 𝛼2 . The term in model 

(1) ∑ 𝑢𝑖𝑗 ∙ 𝑙𝑜𝑔𝑅𝐷𝑗𝑡
𝑛
𝑗=1   and ∑ 𝑣𝑖𝑗 ∙ 𝑙𝑜𝑔𝑅𝐷𝑗𝑡

𝑛
𝑗=1   are specified as Leaders’ spillover and Peers’ 

spillover respectively. The effect on economic growth attributed to “Innovation Leaders” can be 

captured by 𝛼1. We expect the sign of 𝛼1 to be negative. When the R&D capacity of innovation 

leaders expands, keeping all other determinants equal, the GDP will decrease, which implies the 

spillover effect from innovation leaders is detrimental to other regions’ development. These 

innovation leaders may influence, through technology diffusion, others’ R&D investment decisions 

and weaken the economic attractiveness of other economic regions simultaneously. Meanwhile, the 

effect on economic growth played by “Innovation Peers” is captured by 𝛼2 and the sign of 𝛼2 is 

expected to be positive. The adjacent neighbors influence each other in the form of competition. We 

argue that competition between innovation peers may facilitate the economic growth with each other 

as competition leads to the upgrades of technology and eventually result in economic development. 

   We further formulated a conventional spatial econometric model, which can primarily study two 

genres of inter-regional innovation spillover in terms of R&D stock. Suggested the magnitude and 

significance of the focal parameters in model (2) (𝜌1 and 𝜌2), which capture the respective effect of 

innovation leaders’ and peers’ capacity on others, we can firmly explore the mechanism of innovation 

spillover. To avoid potential endogeneity issues, we control economic covariates in the model (i.e. 

GDP per Capita (in current price), Industrial Structure (measured by secondary industry value added 

as of GDP) and Fiscal Expenditure),  

𝑙𝑜𝑔𝑅𝐷𝑖𝑡 = 𝛿 + 𝜌1∑ 𝑢𝑖𝑗 ∙ 𝑙𝑜𝑔𝑅𝐷𝑗𝑡𝑗≠𝑖 + 𝜌2∑ 𝑣𝑖𝑘 ∙ 𝑙𝑜𝑔𝑅𝐷𝑘𝑡𝑘≠𝑖 + 𝛽1𝐺𝐷𝑃_𝑝𝑒𝑟_𝐶𝑎𝑝𝑖𝑡𝑎𝑖𝑡 +

𝛽2𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑖𝑎𝑙_𝑆𝑡𝑟𝑢𝑐𝑡𝑢𝑟𝑒𝑖𝑡 + 𝛽3log𝐹𝑖𝑠𝑐𝑎𝑙_𝐸𝑥𝑝𝑒𝑛𝑑𝑖𝑡𝑢𝑟𝑒𝑖𝑡 + 𝜇𝑖 + 𝜆𝑡 + 휀𝑖𝑡（2） 

3. Empirical Results 

We performed regression for model (1) and we reported the step-wise empirical results. For sake of 

convenience of comparable analysis in terms of different production factors, we normalized the 

weight 𝑢𝑖𝑗 and 𝑣𝑖𝑗 in each of the spillover terms, by the simple average. The main results are given 

in Table 2 where the first regression pertains to the classical Cobb-Douglas productivity function, the 

second regression adds innovation (R&D) as a productivity factor and the last column relates to the 

specified model (1) as shown previously. 

Table 3 Main Results of Innovation Spillover Effect 

 (1) (2) (3) 

R&D_Leaders   
-0.07*** 

(0.003) 

R&D_Peers   
0.07*** 

(0.01) 

R&D_Stock  
0.06*** 

(0.005) 

0.06*** 

(0.01) 
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K 
0.32*** 

(0.02) 

0.29*** 

(0.02) 

0.33*** 

(0.02) 

L 
0.10*** 

(0.03) 

0.07*** 

(0.03) 

-0.05* 

(0.03) 

Constant 
1.84*** 

(0.12) 

1.94*** 

(0.12) 

2.23*** 

(0.12) 

Notes: The figure in the parentheses is the standard deviation. ***, ** and * indicates the 1%, 5% and 10% significance 

level respectively. 

As shown in Table 2, regression results give signs of spillover effect and confirm our 

expectations. For the spillover effect of R&D leaders, the elasticity of R&D stock to economic output 

(i.e. real GDP) is -0.07, which indicates a negative spillover impact from innovation conglomerates. 

For the spillover effect of R&D peers, the elasticity of their R&D stock to real GDP is 0.07, which 

unveils the positive influence from innovation peers. These two estimates of coefficients are 

significant at the 1% level.  

Besides, we re-examined the elasticity of key production factors in our settings. The elasticity 

w.r.t R&D stock to GDP is estimated to be 0.06 and significant at the 1% level. The elasticity of 

physical capital to GDP is estimated to be 0.33, which is consistent with prior research (Coe and 

Helpman 1995;Coe, Helpman, and Hoffmaister 2009).In addition, multicolinearity between 

independent variants can best account for the negative contribution by labor input. 

   The full sample size is 465 and adjusted R-Squared amounts to 0.996. In the meantime we 

employed the Hausman Test to verify the adequacy of model selection. The Chi-Square statistics for 

model (1) is 201.06 with the corresponding p-value is 0.000. Therefore, we stick to fixed effect panel 

method for coefficient estimates in model (1). 

   We employed instrumental variables (IV) method to consistently estimate the spatial panel model 

(2). Suggested by the empirical results are given in the Table 3, both of the capability of Innovation 

Leaders and Peers can transmit their endowment to other regions through various channels, with the 

corresponding elasticity approximately equaling to 0.13 and 0.82. After controlling the economic 

determinants, which contribute to innovation, the sign of all the estimates verify our expectation and 

all of them are statistically significant at the 1% level. 

Table 4 Empirical Results of Innovation Spatial Spillover Model 

R&D_Leaders 
0.13*** 

(0.04) 

R&D_Peers 
0.82*** 

(0.22) 

GDP_per_Capita 
0.0000592*** 

(0.0000007) 

Industrial_Structure 
0.11 

(0.14) 

Log_Fiscal_Expenditure 
0.40*** 

(0.10) 
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Constant 
-1.13*** 

(0.41) 

Notes: The figure in the parentheses is the standard deviation. ***, ** and * indicates the 1%, 5% and 10% significance 

level respectively. 

Furthermore, we performed robustness check by using alternative measure for innovation 

investment. Instead of R&D stock, we use the total number of patents granted (data comes from NBS) 

to measure innovation capability and we also updated the spatial matrix. According to average 

granted patent per capita in the year of 2000 to 2014, we regard Zhejiang Province, Beijing, Jiangsu 

Province and Shanghai, as the “Innovation Leaders”, whose ranks keep stable in top 10 percent in 

the last decade. When the ranking gap between two regions is limited to one, the two regions are 

considered as economically adjacent or “Innovation Peers”. As shown in Table 4, the results are 

largely the same as that of our baseline model. We argue that the insignificance in column (1) for the 

estimates may well come from the institution in China. Officials pay more attention to the money 

metrics performance and related competition.  

In order to justify the time lag effect, we introduced the one period lagged term to substitute the 

contemporary innovation spillover variants and the main findings in Table 2 still hold.  

Table 5 Robustness Checks  

(1) (2) 

Patents_Leaders 
-0.008 

(0.006) 

R&D_Leaders 

(Lagged) 

-0.06*** 

（0.008） 

Patents_Peers 
0.038*** 

(0.01) 

R&D_Peers 

(Lagged) 

0.08*** 

(0.02) 

Log_No. of Patents 
0.005 

(0.007) 
R&D_Stock 

0.06*** 

（0.004） 

K 
0.35*** 

(0.01) 
K 

0.34*** 

（0.02） 

L 
0.09*** 

(0.03) 
L 

-0.044 

（0.03） 

Constant 
1.677*** 

(0.12) 
Constant 

2.195*** 

(0.12) 

Notes: The figure in the parentheses is the standard deviation. ***, ** and * indicates the 1%, 5% and 10% significance 

level respectively. 

4. Conclusion and Future Work 

This paper mainly discusses two types of spillover effects from innovation investment. By analyzing 

China’s provincial-level panel data, we find that innovation leaders, by depriving other regions’ 

resources or opportunities, play a negative role to others’ economic development. As for the spillover 

effect from innovation peers, it shows a positive effect on the economic growth.  

Our research provides empirical evidence in the context of China’s economic status quo and 

identifies the uncovered distinct spillover effects, in terms of innovation, driven by innovation leaders 

and innovation peers. To some extent, our work is a supplement to the existing economic growth 
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theory. Meanwhile, our study may have implications for practitioners. Government should pay 

attention to the regulation to monopolistic innovators. Innovation leaders’ bargaining power 

increases at the cost of others’ development, which constitutes a non-negligible source of negative 

externality. Further, modest competition between regions can boost their GDP growth through mutual 

influence of each other’s innovation related activities. 

This study has limitations. First, our measure of labor input is based on the head-count method. 

Due to data availability, we could not consider the full-time equivalent basis labor input. Second, for 

dependent variable, we now use GDP, in ignorance of welfare. We will focus on the welfare 

indicators such as GNP (Gross National Income) per capita and household disposable income. Third, 

to extend this study, we will investigate the spillover effect by examining regional characteristics 

such as region officials’ characteristics and GDP per capita. 
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Abstract 
 

To date, debates exist about whether ride-sharing platforms, such as Uber and Lyft, would improve 

traffic condition. Uber, recently, launched its first autonomous car service in September 2016. 

Since it is still an early move, little is known about what role such technology adoption is playing 

in transportation. This study makes the first step by exploring the effects of Uber autonomous car 

services on real-time traffic condition (i.e., the daily volume of traffic accidents). Specifically, we 

use a difference-in-difference approach to exploit a natural experiment, the different entry dates 

of this service in different cities. The results suggest that the introduction of Uber autonomous car 

service leads to a significant drop in the traffic accident volumes. This paper also discusses the 

potential underlying mechanism of this finding. 

 

Keywords: Autonomous Car, Uber, Transportation, Natural Experiment, Difference in Difference 

 
1. Introduction 

With the introduction and then the popularity of driving services, such as Uber and Lyft, people 

are seeking the values of such services from multi-level societal perspectives, centered around 

traffic and transportation concerns. Literature shows its interest with an increasing volume of 

empirical studies. For example, Greenwood and Wattal (2017) shows a significant drop in alcohol-

related vehicle homicide with Uber entry; Li et al. (2016) also suggests a societal benefit of Uber 

platform, which decreases traffic congestion level. Criticism, however, remains in driving safety 

of Uber/Lyft trips. News and articles, nowadays, publish crashes related to these trips more and 

more frequently, especially when people owning a car can easily register as part-/full-time gig 

economy drivers. Hence, although ride-sharing platforms divert trips otherwise made in private, 

single-occupied, or even unsafe cars, the involvement of inexperienced amateur drivers would 

induce more potential incidents. 

Technology development aims to reduce human participation. Same in transportation. 

Autonomous cars, recently, have started to be made available for commercial use. Such vehicles 

are designed to sense its surroundings and navigate without any human input. Although the built-

in computer-based control system seems to be more reliable than human judgment (Anderson et 

al. 2014, Grieco and Urry 2011), the society has doubts on the safety of these driverless cars, 

especially after the fatal incident caused by a Tesla autonomous car (USA Today, 2015). In August 

2016, Uber launched its first batch of autonomous car services in Pittsburgh. Since this is still an 

early move, no answer is ready-made regarding the effect of such technology adoption in traffic 

condition (e.g., incident volumes, traffic flows, etc.). 

This paper makes the first move in examining empirically effects of the launch of autonomous 

cars in Uber platform. To investigate the effects, we use a difference-in-difference approach to 

exploit a natural experiment: Uber launches autonomous car service in various cities at different 

time period. This unique setup allows us to identify the causal impact of this technology adoption 

on traffic condition. Our estimation suggests a significant drop in the daily volume of traffic 
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accidents after the introduction of Uber autonomous car service. As far as we know, this finding 

serves as the first one to support the social benefits brought by this new technology, especially 

when it goes into commercial use in ride-sharing platforms. In the following sections, we first 

present our data and empirical models in Section 2; then Section 3 shows our empirical estimation 

results, followed by a discussion about underlying mechanism and future direction in Section 4. 

 
2. Methodology 

2.1Context 

Uber, founded in March 2009, serves as a platform offering ride-sharing-based connections from 

own-operator drivers to ride seekers. On September 14, 2016, Uber brought in its first autonomous 

car in Pittsburgh in the US. Till today, even though many companies are testing their autonomous 

cars, Uber is the only one put their autonomous cars into service available to the public for daily 

transportation purpose massively, thus has the potential to affect the current transportation system. 

Uber autonomous cars are serving in the same way (i.e., same price, same hailing approach) as 

the other regular Uber cars do. To ensure ride safety of its passengers, a self-driving Uber has a 

safety driver and an engineer in the front seats in case of any unexpected conditions requiring 

human intervention. Uber, later, expanded this autonomous car service to San Francisco on 

December 14, 2016. But due to the revoked registration from the California Department of Motor 

Vehicles, this program lasted only a week till December 21, 2016. 
 

2.2Data 

We choose three cities as our focus: Pittsburgh, San Francisco, and Seattle. First, these three cities 

are treated differently in terms of Uber autonomous car service: up to 2017, no autonomous car 

service has ever been offered in Seattle, while this service exists in Pittsburgh all the time since 

its first launch. On the contrary, this service covered San Francisco for only one week. Second, 

given that all of these three cities are high-tech hubs in U.S., they share some similar features, 

including demographics, city characteristics, road network complexity, technology innovation 

level, etc. We aggregate multiple datasets provided by the U.S. Government’s Open Data 

(www.data.gov) to create a unique traffic-accident-related data covering these three cities. This 

data include detailed information on each traffic-related accident reported by the government (e.g., 

Police Department), shown as an example in Table 1. 

 

Table 1. Sampled Data 
 

PK TIME LOCATION 
NEIGHB 

ORHOOD 
OFFENSES 

2802386 
2016-01-01 
01:15:00 

100 Block Laughlin AV 

Pittsburgh, PA 15210 
Carrick 

3745 Accidents Involving Damage to 

Unattended Veh.or Prop. 

 
2802364 

 

2016-01-01 

01:41:00 

 

6300 Block Broad ST 

Pittsburgh, PA 15206 

 

East 

Liberty 

3716 Accidents Involving Overturned 

Vehicles / 3745 Accidents Involving 

Damage to Unattended Veh.or Prop. / 

9090 Recovered Firearm 

2802323 
2016-01-01 
02:30:00 

8800 Block Frankstown AV 

Pittsburgh, PA 15221 
East Hills 

3743 Accidents Involving Damage to 

Attended Veh. or Property 

 

We aggregate these accident reports into a daily level, which is the basic unit in our empirical 

analysis. Specifically, for each date, we calculate the number of traffic accidents happen in each 

region we investigate. The data start from January 1, 2016. In particular, we have one-year data 
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on San Francisco (i.e., 366 days) and 400-day data in both Pittsburgh and Seattle (i.e., January 1, 

2016 ~ February 4, 2017). In total, we have 1166 observations. Figure 1 plots the data for each 

city in a time serious manner. Table 2 presents the summary statistics. 

 

Figure 1. Traffic Accident Volume for Seattle, Pittsburgh and San 

Francisco 
 

Table 2. Summary Statistics of Traffic Accident Volumes 
 

 Min 0.25 

Quantile 

Median Mean 0.75 

Quantile 

Max 

Seattle 0 146 166 161.8 183 264 
Pittsburgh 1 9 11 11.32 14 24 

San Francisco 6 19 23 23.97 28.75 45 
 

Figure 1 shows significant heterogeneity across cities. The volume of traffic accidents is 

significantly in Seattle larger than that in either Pittsburgh or San Francisco. This difference 

shows the importance to control over city-specific effects. In addition, the data also show non-

negligible seasonality issues, following both weekly and seasonal patterns. These two patterns 

suggest the necessity to tease out time-varying and location specific factors. Note that the fleet 

sizes of Uber autonomous cars are not large in either Pittsburgh or San Francisco when compared 

to the entire on-road vehicle volumes. It is important, therefore, to tease out carefully time-

varying and location specific factors, which might overwhelm the entry effects of autonomous 

car service. Table 2 supports the heterogeneity across cities. It further shows that, within a given 

city, the distribution of accident volume is skewed. 

 

2.3Empirical Model 
Uber launches autonomous car service in various cities at different time periods. Specifically, 

due to regulation, its autonomous car service first enters and later exits the San Francisco market. 

The exogenous entry and exit allow us to identify the effect of autonomous car service on the 

traffic condition. The dependent variable we focus on here is the time-varying volumes of traffic 

accidents across different cities. 
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We apply a difference-in-difference approach. This model is an increasingly popular approach to 

quantify the causal effects (Bertrand et al. 2002) by comparing outcome differences before and 

after an exogenous shock of a treatment group to that of a control group, which is not affected by 

the exogenous shock. In our setting, we first disentangle the before-after difference of traffic 

accident volumes in the city, where Uber operates its autonomous car service from a certain time 

point (i.e., entry date); next, to tease out any potential unobserved time-varying trends, we then 

compare the difference with that of a city without the entry of Uber autonomous car service. The 

model is specified as follows: 

log(TrafficAccidentsit  )     AutonomousEntryit  i   t   it  , (1)  

 

 
Given the count nature of our dependent variable, an alternative but more intuitive model is to 

make the dependent variable follow the Poisson distribution, which leads to the Poisson regression 

model. Similar to the log-normal model in Equation (1), we use the difference-in-difference 

approach to estimate the causality by controlling over time-specific factors and city-specific factors. 

Thus the equation is shown in the following: 
 

 

 

 

The key difference between Equation (2) and Equation (1) is that Equation (2) assumes traffic 

accident comes following a Poisson process with the strength of it , and thus the dependent 

variable follows a Poisson distribution instead of a log-normal distribution. 

 
3. Results 

Table 2 presents the estimates of coefficients from Equation (1) and Equation (2). The two models 

show consistent results with respect to both signs and magnitudes of the coefficients. The estimate 

is negative and significant, regarding the entry effect of Uber autonomous car service (i.e.,  ). 
Specifically, the entry of Uber autonomous car service reduces the traffic accidents volume by 

about 8.5%. Note that we only have 1,166 observations in our sample and both models include 

two-way fixed effects. Hence, the estimation results provide empirical evidence of a significant 

decrease in the volume of traffic accidents within a city, after Uber autonomous car service has 

been introduced. 
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Although debates exist regarding the safety issue of autonomous cars, our finding supports 

empirically the value of this developing technology adoption, which, at its current stage, has 

already been superior to traditional automobiles in terms of safety performance. Traditional safety 

tests, designed and conducted by automobile manufacturers, would focus on the safety 

performance of their own autonomous cars in different traffic conditions. Unlike this, our study 

extends the safety performance to the social consequence, with overall traffic accident volume as 

our dependent variable. Compared with industry efforts, this extension is the key difference of our 

research, with a finding suggesting that autonomous car service can perform better than average 

in a real and natural setting, which is dominated by traditional automobiles. 

 

Table 3 Estimated Effects of Uber Autonomous Car Service on Traffic Accidents 
 

 Log-Normal Poisson 

Constant  5.061*** 

(0.200) 

4.811*** 

(0.081) 

Autonomous Car  -0.089** 
(0.044) 

-0.084*** 
(0.028) 

City i 
- - 

Time   t 
- - 

(Pseudo) R-Squared 0.9416 0.9784 
Adjusted R-Squared 0.9108 - 

Standard errors in parentheses; 

Significant levels: *** p <0.01, ** p <0.05, * p <0.1, +p <0.15 

4. Discussion 

This paper empirically investigates the effects of Uber autonomous car service on traffic conditions. 

Our estimation finding suggests the positive side of such technology adoption, with a significant 

drop in daily volumes of traffic accidents. Several potential underlying reasons can help explain 

this finding: first, autonomous vehicles have better safety performance than human operation in a 

regular routine. This improvement could help reduce the  probability of crashes with an Uber ride, 

especially when gig economy drivers are inexperienced in driving or unfamiliar with certain places, 

required by the passengers. Second, the decrease in traffic  accident might result from the trust or 

increasing usage of Uber from the public. People, in general, are welcome to a new technology 

and its fresh experience. When such service is introduced to a city, the residents might be more 

likely to use Uber as their commuting tools. This, in turn, reduces the chances of involving into an 

accident with private, single-occupied, or even unsafe cars. This study is the first attempt to 

empirically study the social effects of autonomous car service. Although we only focus on traffic 

accidents, such analysis could be extended to other societal measures (e.g., traffic flows, public 

transportation, potential costs), when more data become available and more cities are involved in 

this new program in the future. 
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Abstract 

This study develops a mediated moderation model to explain how extrinsic incentives and intrinsic 

motivation interactively affect task effort in crowdsourcing contests settings, and whether 

engagement mediates their interactive effect. Using a sample of 290 solvers collected from one 

Chinese crowdsourcing contest platform, the hypotheses are empirically tested. Results indicate 

that intrinsic motivation and extrinsic incentives have negative interaction on task effort, showing 

that intrinsic motivation has a weak effect on task effort when high levels of extrinsic incentives 

are present. Engagement is found to have a significant effect on task effort, and fully mediate the 

moderating effect of extrinsic incentives on the relationship between intrinsic motivation and task 

effort. These findings enhance the understanding of the complex mechanisms underlying 

motivations on task effort in crowdsourcing contests, and provide several implications in theory 

and practice. 

 
Keywords: Mediated moderation model, Intrinsic motivation, Extrinsic incentives, Engagement, 

Task effort 

 
1. Introduction 

Crowdsourcing contests refer to the initiative of broadcasting tasks or problems to a large network 

of crowd (solvers) to solicit external solutions, and the best solution is chosen as the winning 

solution (Howe 2008; Afuah and Tucci, 2012). Advancements in information and communication 

technologies have empowered crowdsourcing contests to be an increasingly popular choice for 

seeking innovation. Its great promise for helping organizations creatively solve problems 

essentially depends on crowd’s persistent effort in crowdsourcing task (Sun et al. 2015). While the 

lack of formal obligations in crowdsourcing renders it hard to imperatively manage crowd’s effort. 

Thus, in the uninhibited environment, exploring how to motivate solvers’ voluntarily persistent 

effort has important implications, and has been becoming a pressing topic in crowdsourcing 

contests research. 

 
Extant studies of crowdsourcing contests have tried to explore this topic mainly from the 

motivation theories, and found that intrinsic motivation and extrinsic incentives have positive 

impacts on task effort (Ke and Zhang 2009; Zhao and Zhu 2014; Sun et al. 2015). While the 

existing research only separately assesses the consequences of intrinsic motivation and extrinsic 

incentives on task effort. As some studies argue, intrinsic motivation accompanies the presence 

of incentives in most applied domains, however, incentives can erode the predictive effect of 

intrinsic motivation (Deci et al. 1999; Murayama et al. 2010; Cerasoli et al. 2014). Thus, their 
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interactive impact needs to be addressed. A scatting of studies has examined the interactive effect 

of intrinsic motivation and incentives, but mainly focused on performance under the formal 

organizational context (Deci et al. 1999; Warneken & Tomesello 2008; Cerasoli et al. 2014). In 

crowdsourcing contests settings, there remains a need to investigate the joint effect of intrinsic 

motivation and incentives on task effort. 

 
In comparison with formal organizational settings, crowdsourcing contests present some unique 

features and challenges toward the joint effect of intrinsic motivation and extrinsic incentives. 

Firstly, in crowdsourcing contests, although external incentives, like monetary reward, are 

provided to seekers, while they are only provided to the winner whose solution pleases the sponsor 

most. Not every solution would get the compensation even though it can solve the task properly. 

Secondly, there is no fixed-contract to constrain solvers’ behavior and attention in crowdsourcing 

contests (Howe 2008). Solvers are exposed to more external incentives and choices. In such 

competitive and free conditions of crowdsourcing contests, therefore, the interaction between 

intrinsic motivation and extrinsic incentives remains a critical question, and has yet to be 

empirically examined on task effort. In addition, primary studies have debated over the interplay 

between extrinsic incentives and intrinsic motivation for decades and have drawn inconsistent 

conclusions (Deci et al. 1999; Cemerer and Hogarth 1999; Warneken & Tomesello 2008; Cerasoli 

et al. 2014). Uncovering the black box of the interaction with mediators may help explain the 

inconsistency in literature. However, there is no effort in this respect. 

 
Engagement is a heightened psychological state in which people are willing to completely invest 

their full range of energies in a particular task (Kahn 1990). Engagement has explained many 

behaviors and intentions in a variety of contexts (Algesheimer et al. 2005; Rich et al. 2010; Ray et 

al. 2014). In crowdsourcing contests settings, engagement is also an important proximal predictor 

of solvers’ behavioral outcomes (Martinez 2015). On the other hand, the decision to engage 

involves an assessment of task values, especially associated with meaningfulness (Kahn 1990). A 

high level of intrinsic motivation has been suggested to accelerate engagement by prior related 

studies (Walker et al. 2006; Henshaw et al. 2015). Because intrinsically motivated individuals are 

more likely to perceive meaningfulness in regard to a particular task. Thus, we propose that 

engagement may mediate the relationships between motivational factors and task effort. In sum, 

under the context of crowdsourcing contests this study attempts to address: Does intrinsic 

motivation and extrinsic incentives have interactive effect on task effort, and how? Does 

engagement mediate the interactive effect on task effort? 

 
2. Development of Hypotheses 

2.1. Intrinsic motivation and task effort 

Self determination theory suggests that intrinsic motivation originates from the inner needs of an 

individual and results in enjoyment of the process of increasing one’s competency (Deci and Ryan 

2000). As a psychological force within an individual, intrinsic motivation may benefit the level of 

task effort (Ke and Zhang 2009) because intrinsically motivated people have inner pursuits for 

psychological growth and development, and the needs of autonomy, and competence (Deci and 
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Ryan 2000). When participating in crowdsourcing contests, solvers have the freedom to determine 

whether to contribute and the extent of contribution (Howe 2008). In addition, crowdsourcing 

contest tasks are usually broadcasted to solicit innovation, which challenges solvers cognitively 

and requires them to be creative. Thus, crowdsoudrcing contest tasks can meet solvers’ needs for 

autonomy and competence, and these needs may drive solvers generate an inner tendency to pay 

more effort in crowdsourcing tasks. 

H1: Intrinsic motivation is positively associated with task effort in crowdsourcing contests. 

 
2.2. Intrinsic motivation and engagement 

Intrinsic motivation stresses the inner needs that drive people devote themselves in the task, and 

these needs may facilitate the psychology state of engagement. For example, Walker et al. (2006) 

found that a student with high intrinsic motivation would be more engaged in a given activity. 

Engagement theory asserts that meaningfulness is one of the required conditions for an  individual 

to feel engaged in his or her tasks (Kahn 1990; Rich et al. 2010). The experience of psychological 

meaningfulness involves a sense of return on investments of the self (Kahn 1990). People 

motivated by intrinsic motivation (e.g., fun, skill improvement, and self achievement) can easily 

find their investments worthwhile, valuable, and meaningful, and thus encouraging people to fully 

engage themselves (Walker et al. 2006; Henshaw et al. 2015). The broadcasted tasks in 

crowdsourcing contests are generally challenging and require a high level of skills and innovation. 

The desire of challenging and improving their skills can allow solvers experience an increased 

meaningfulness in contributing solutions to the task, and ignite the enthusiasm in exerting 

increasing attention and energy. Thus, highly intrinsically motivated solvers would regard the 

opportunity of contribution as a very engaging proposition. 

H2: Intrinsic motivation is positively associated with engagement in crowdsourcing contests. 

 
2.3. The moderating role of extrinsic incentives 

It is common that intrinsic motivation accompanies the presence of external incentives in a variety 

of settings (Deci et al. 1999). However, intrinsic motivation and extrinsic incentives have different 

foci of needs, and would usually make people behave differently (Deci, Koestner, & Ryan, 2001). 

It is widely known that external incentives could thwart the inner needs for autonomy and 

competency, and impair the consequences of intrinsic motivation (Warneken and Tomesello, 2008; 

Murayama et al. 2010; Cerasoli et al. 2014). Thus, this study argues that the presence of extrinsic 

incentives may negatively impact the consequences of intrinsic motivation. 

 
In the context of crowdsourcing contests, the financial incentive mechanisms are common ways to 

attract solvers’ interest and attention (Zheng et al. 2011; Liu et al. 2014) and have been proved to 

have significant effect on task effort and engagement (Ke and Zhang 2009; Przybylski et al. 2010). 

When external incentives are present, individuals tend to rationally evaluate the outcomes of their 

behavior and then adjust their strategies to attain the incentives (Deci and Ryan 2000). From this 

perspective, the incentives are present to exert control for sustaining solvers’ participation, and in 

part damage their pursuit for autonomy (Ryan and Deci, 2000; Warneken and Tomesello, 2008), 

leading to the reduced power of intrinsic motivation on engagement and task effort. Especially, a 
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competitive nature exists in crowdsourcing contests as the reward is only provided to the winner 

whose idea or solution outperforms others (Liu et al. 2014), which intensifies the control function. 

In addition, when a solver interprets his or her effort for crowdsourcing tasks as externally driven, 

the solver tends to pay more attention to get the reward rather than to adhere to their inner needs. 

That is, when presented with incentives, how to obtain more external benefits is the central focus, 

resulting in crowding-out of the effects of intrinsic motivation (Cerasoli et al. 2014). The self 

challenge for completing the task is no longer powerful predictor for engaging in the task and 

investing effort. Thus, in presence of extrinsic incentives, the power of intrinsic motivation would 

be reduced in crowdsourcing contests. 

H3a: The positive association between intrinsic motivation and task effort is weak in presence of 

a high degree of extrinsic incentives. 

H3b: The positive association between intrinsic motivation and engagement is weak in presence 

of a high degree of extrinsic incentives. 

 
2.4. The mediating role of engagement 

Engagement is a heightened state of mind that encourages people to readily and completely invest 

their full range of energies in their tasks. When engaged, individuals are attentive, emotionally 

connected and fully concentrated on their task, and are willing to put their physical, cognitive, and 

emotional energies in the task (Kahn 1990; Martinez 2015). The full personal presence helps allure 

task effort. Accumulating evidence has shown that engaged people have an inner tendency to 

devote more effort to the task (Kahn 1990; Rich et al. 2010; Ray et al. 2014). Combing the above 

Hypotheses 1, and 2, in which intrinsic motivation is believed to be positively associated with 

engagement and task effort, we contend that engagement mediates the relationship between 

intrinsic motivation and task effort in crowdsourcing contests. 

 
Although intrinsic motivation and extrinsic incentives are generally believed to lead to positive 

outcomes, external incentives can impair the consequences of intrinsic motivation on engagement 

and task effort because incentives can serve as control mechanisms, and because of the crowding-

out effect. When high levels of incentives are present, the predictive effect of intrinsic motivation 

on engagement will be weak, leading to a reduced effect on task effort. On the other hand, low 

extrinsic incentives may reduce feelings of control and crowding-out effect, which help enable 

solvers concentrate on inner needs, eventually promoting a high level of engagement and more 

task effort. A mediated moderation effect is proposed to explain the mechanism among intrinsic 

motivation, extrinsic motivation, engagement, and task effort. 

H4: Engagement mediates the interactive effects of intrinsic motivation and extrinsic incentives 

on task effort in crowdsourcing contests. 

 
3. Method 

Intrinsic motivation is measured with four items to assess the extent to which solvers are moved 

by self improvement, skill development, fun, etc. inner needs. Three items measure the extrinsic 

incentives to which a certain behavior will lead in crowdsourcing contests. We use five items to 

reflect the affective, cognitive, and physical characteristics that are simultaneously involved in 
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engagement. The dependent variable, task effort, is defined as the extent of attention, intensity, 

and persistence of effort that solvers invest in the crowdsourcing task, including effort attention, 

effort intensity, and goal commitment, using eight items. We conducted the survey on Epwk.com, 

a famous crowdsourcing platform in China. We retained 290 valid responses totally. 

 
3.1. Data Analysis and Results 

Cronbach’s alpha and composite reliability are used to evaluate the reliability of measurements. 

The reliability scores of all constructs range from 0.732 to 0.936 (see Table 1), well above the 

recommended threshold value of 0.70, suggesting a high level of reliability. The following steps 

are conducted to confirm the convergent and discriminant validity of the measurements. First, 

as Table 1 shows, the average variance extracted (AVE) of all constructs are above 0.60 

indicating that the principal constructs capture higher construct-related variance than error 

variance. Second, the square root of the AVE of each construct is much higher than all cross-

correlations between the construct and other constructs. Third, the correlations among all of the 

constructs are well below the 0.90 level, which suggests that the constructs are distinct from each 

other. 

Table 1 Construct reliability, AVE, and Correlation 
 

Construct Alpha CR AVE EI IM EG TE 

Extrinsic incentives (EI) 0.732 0.848 0.650 0.806    

Intrinsic motivation (IM) 0.891 0.925 0.754 0.303 0.868   

Engagement (EG) 0.801 0.870 0.626 0.369 0.345 0.791  

Task Effort (TE) 0.922 0.936 0.646 0.266 0.405 0.528 0.804 

 

3.2. Hypothesis Testing 

To test the hypotheses and mediated moderation model, we follow the procedures suggested by 

Muller et al. (2005). First, intrinsic motivation has significant effect on task effort (β=0.340, 

p<0.01). The interaction of intrinsic motivation and extrinsic incentives is negatively related to 

task effort (β=-0.120, p<0.05), meeting the first requirement of mediated moderation. Next, 

intrinsic motivation positively impart an influence on engagement (β=0.239, p<0.01). In addition, 

the interaction of intrinsic motivation and extrinsic incentives has negative effect on engagement 

(β=-0.150, p<0.01), fulfilling the second requirement. In the third step, we added the mediating 

effect of engagement into the model, while additionally controlling for the interaction terms 

between the extrinsic incentives and engagement. The results indicate a significant effect of 

engagement on task effort (β=0.420, p<0.01). While the interaction of intrinsic motivation and 

extrinsic incentives on task effort is no longer significant (β=-0.038, p>0.05) after controlling 

the interaction term of extrinsic incentives  engagement. These findings meet the third condition 

for mediated moderation, suggesting that engagement completely mediates the moderating effect 

on task effort. Thus, results support the mediated moderation model and all hypotheses. 

 

4. Conclusion 

This study attempted to examine the joint and relative effects of intrinsic motivation and extrinsic 
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incentives on task effort, and explain the mediating role of engagement on their joint effect using 

a mediated moderation model. Such an attempt is necessary because both intrinsic motivation and 

extrinsic incentives are determining factor for behavior and intention, and their joint role cannot 

simply be ignored. Using a panel data, this research found that both intrinsic motivation and 

extrinsic incentives are positively related with task effort, while the positive effect of intrinsic 

motivation on task effort is weak when solvers are presented with a high level of extrinsic 

incentives. Interestingly and importantly, engagement was found to positively affect task effort, 

and play a mediating role in the relationship between the joint effect of intrinsic motivation and 

extrinsic incentives and task effort, indirectly eliminating the negative moderating effect of 

extrinsic incentives. Our study provides empirical evidence in the debate of the interrelationship 

of extrinsic incentives and intrinsic motivation, and further highlight the importance of 

engagement in mediating the joint effect on task effort. Several implications in theory and practice 

are suggested by this study. 
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Abstract 

 
In a collaborative crowdsourcing platform(CCP) for open innovations, users generate and submit 

ideas as idea co-creators and companies apply selected valuable ideas into the process of product 

research and development to provide products which better meet users’ demand. Despite the success 

and widely adoption of CCP, we know very little on the decision process of why certain ideas got 

chosen, while others got discarded. In order to explain the likelihood of idea implementation, we 

propose a new research model that integrates ideators’ experience with the characteristics of their 

ideas using the elaboration likelihood model as the theoretical framework. Our model is validated 

through logistic regression on a very large date set of 109, 103 sample ideas submitted by 57, 561 

users in MIUI forum. We found that there is an inverted U-shaped relationship between past success 

and idea implementation; past submission experience is negatively linked to idea implementation; 

idea length is positively linked to idea implementation; and there is an inverted U-shaped 

relationship between idea richness and idea implementation.  

 

Keywords: open innovation, collaborative crowdsourcing, idea implementation, past success 

 

1. Introduction 
With the rapid development of service economy, users gradually switched from passive product 

receivers to value co-creators of companies (Vargo et al. 2004; Zwick et al. 2008). They express their 

opinions or needs through the Internet to influence companies’ design, research and development of 

products. An increasing number of companies have realized this change of users, and have 

established collaborative crowdsourcing platforms (CCP) with Web 2.0 technology. In this way, they 

outsource the product innovation tasks which should be done within the companies to users who 

have no definite boundaries (Chesbrough 2006; Osterwalder et al. 2010; Tapscott et al. 2007). In 

CCP, users participate in companies’ product innovation tasks and keep generating and submitting 

ideas. Then companies adopt valuable ideas from users into internal product R&D, and ultimately 

produce products which better meet users’ demands (Schlagwein et al. 2014).  

 

The implementation of ideas is the primary motive and ultimate goal for companies and users to 

participate in collaborative crowdsourcing innovation activities. However, research on idea 

implementation are still at the early stage. Bayus (2013) found that past success poses a negative 

effect to the implementation of ideas. Li et al. (2016) found that prior implementation rate positively 

influences idea implementation. Bayus (2013) and Li et al. (2016) got conflicting results on the 

relationship between users’ past success and idea implementation. Considering the experience of 

ideators, Li et al. (2016) for the first time developed the influence of idea characteristics on idea 

implementation. However, this study is lack of a complete theory to integrate the ideators’ experience 

and idea characteristics.  
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In this paper, we seek to answer the question “what kinds of ideas from users are more likely to be 

implemented by companies into product R&D in CCP?”. We introduce the elaboration likelihood 

model (ELM) to explore the effect of ideators’ experience and idea characteristics on idea 

implementation. There are two theoretical contributions to the crowdsourcing literature: first, we 

introduce ELM as a new theoretical lens to study open innovation and propose a research model that 

integrates the influential effects of ideators’ experience and idea characteristics on idea 

implementation likelihood; second, we put forward an inverted U-shaped relationship between past 

success and the implementation of ideas.  

 

2. Literature Review 
Previous studies explored the influential effects of prior success and commenting experience on idea 

implementation likelihood from the perspectives of ideators’ experience. Bayus (2013) found that 

past success has a negative effect on the implementation of ideas and past commenting activity has 

a positive effect on the implementation of ideas. (Li et al. 2016) suggested that prior participation 

and prior implementation rate are positively related to the idea implementation likelihood. Prior 

studies also discussed the influential effects of idea characteristics on idea implementation likelihood. 

Li et al. (2016) believed, based on message persuasion theory, that popular ideas are more likely to 

be adopted and implemented by companies. From the view of cognitive overload theory, Li et al. 

(2016) found that idea length is negatively related to idea implementation likelihood; the number of 

reference pages and the number of supplementary pictures have an inverted U relationship with the 

idea implementation likelihood. We find two research gaps: first, prior studies either focus on 

ideators’ experience or idea characteristics to explore idea implementation likelihood (Bayus 2013; 

Di Gangi et al. 2009). Second, there are controversial findings on the influential effect of ideators’ 

past success on idea implementation likelihood (Bayus 2013; Li et al. 2016). 

  

3. Theoretical Framework 
Elaboration likelihood model (ELM), a dual-process theory on the formation and changes of 

individual attitude, was proposed by social psychologists Petty et al. (1986) through concluding 

multiple relevant theories on the formation and changes of individual attitude and cognition. The 

basic framework of ELM is that “source credibility and argument quality influence an individual’s 

attitude towards a specific objective” (Bhattacherjee 2012). Idea implementation in CCP is decided 

by companies’ experts, which means companies’ experts make the decision to adopt and apply high-

quality ideas into new product R&D. The decisions made by companies’ experts could be influenced 

by source credibility (individual experience) and argument quality (idea presentation). We take past 

success and past submitting as the depth and breadth characteristics of ideators’ experience. We take 

idea length and idea richness as the structural and content characteristics of idea. 

 

Past success is defined as the cumulative number of ideas proposed by an ideator and implemented 

by companies (Bayus 2010; Bayus 2013). Prior researches have different opinions on the relationship 

between the past success and idea implementation likelihood. On the one hand, Li et al. (2016) find 

that prior implementation rate positively influences idea implementation likelihood. On the other 

hand, under the guidance of cognitive fixation theory, Bayus (2013) put forward that ideators’ past 

success has negative effect on the rate of ideas implemented by companies. To explore these 

controversial conclusions, we argue that there exists an inverted U-shaped relationship between past 

success and the implementation of ideas. For ideators at the early stage of accumulating successful 
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experience, the whole process of generating, submitting, discussing, revising, and improving ideas 

to be implemented by companies not only helps them gain more knowledge or experience necessary 

for new product innovation (Shin et al. 2012), but also enhances ideators’ innovative self-efficacy 

(Tikrney et al. 2002). Thus they are more likely to spend more time and energy on ideas, thereby, 

making ideas valuable enough to be implemented by companies. However, for ideators at the later 

period of accumulating successful experience, their knowledge and experience from past success are 

gradually fixated. Due to cognitive fixation, Ideators tend to refer to previous successful mode 

(Marsh et al. 1999; Marsh et al. 1995), leading to lower creativity and commercial value of their 

ideas which thus are less likely to be implemented by companies (Marsh et al. 1996; Smith et al. 

1993). Based on ELM, we believe that past success as information credibility influences companies’ 

evaluation on and implementation of ideas. More specifically, the rate of implemented ideas firstly 

rises and then drops gradually as past success increases.  

Hypothesis 1: there is an inverted U-shaped relationship between past success and idea 

implementation likelihood.  

 

Past submitting experience, as a breadth indicator of an individual’s experience (Bayus 2010), refers 

to the number of ideas previously submitted by an ideator. Based on ELM, we believe that past 

submitting experience, as another measure of information credibility, is associated with experts’ 

value judgment of ideas implementation likelihood. Ford (1996) puts forward that constantly 

cumulative working experience allows employees to be excessively familiar with working tasks so 

that they tend to propose solutions with less novelty and originality by applying fixed thinking mode 

or working methods. With a growing number of their submitted ideas, ideators are increasingly 

familiar with the features and demands of generating ideas, gradually forming a habitual thinking 

mode. The fixed structural and similar content features of a text reduce ideators’ likelihood of 

proposing ideas with novelty and commercial value.  

Hypothesis 2: Past submitting is negatively linked to the idea implementation likelihood. 

 

The length of ideas, as the structural characteristic of an idea’s text, refers to the sum of words in an 

idea text. Sticky posts generally have longer textual description, clear structure, and substantial 

content. Ransbotham et al. (2012) using wikipedia knowledge forum, confirm that the value of 

informative articles might lie in more rather than better information they contain. The length of 

knowledge is the key feature of argument quality with longer information indicating higher 

information value.  

Hypothesis 3: Ideas length is positively linked to the idea implementation likelihood.  

 

The richness of an idea, as the content characteristic, refers to the sum of multimedia argument 

materials (pictures, videos, links, and attachments) in the idea. The richness of an idea, as the quality 

of an argument, determines the value of an idea and positively influences organizations’ decision-

making in implementing the idea. Pictures and videos demonstrate what an idea contains in 

diversified forms, enhancing the readability and quality of the idea. Interlinkages and attachments 

provide adequate argument materials for an idea, increasing the reliability and quality of the idea. 

Wang et al. (2015) demonstrate that the links contained in a thread is a key characteristic of argument 

quality, and a thread containing a link has more valuable information. However, this conducive effect 

might only be true to within a limit. Supporting materials such as pictures, videos, links, and 

attachments contained in an idea, if used too much, may attract too much attention from companies’ 

experts so that the experts may pay less attention to and lower their evaluation on an idea itself (Kirsh 
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2000). Moreover, Li et al. (2016) show that number of reference pages and number of supplementary 

pictures have an inverted U relationship with the idea implementation likelihood.  

Hypothesis 4: there is an inverted U-shaped relationship between the idea richness and idea 

implementation. 

 

4. The Empirical Study 

 

4.1 Data and Measures 

To validate the research model and hypothesis, we collect data from MIUI forum 

(http://www.miui.com/forum-38-1.html) established and operated by Beijing Xiaomi Technology 

Inc. MIUI forum encourages users to actively participate in the innovation of MIUI mobile phone 

operating system by contributing ideas. We collect all the 109, 103 ideas submitted by 57,561 users 

in MIUI forum by December 2015. 

 

The dependent variable is the implementation of ideas, which is the objective result of the 

comprehensive measurement of the innovation idea value (Levitt 1963). We adopt the official seal 

as the objective criteria judging whether the ideas are implemented by enterprises. In MIUI forum, 

the company’s experts, members of the MIUI development group give users feedbacks on the 

progress of ideas being processed by “affixing a seal”. After discussion with the members of MIUI 

development group, we confirm that the four seals - “RESOLVED”, “PROCESSING”, 

“COLLECTION”, “SUBMITTED” indicate that the ideas have been implemented by the company. 

However, the five seals “HAVE A REPLY”, “TO BE DISCUSSED”, “PLEASE ADD”, 

“CONFIRMED SOLUTION”, “UNRESOLVED”, cannot tell us whether the ideas have been 

implemented by the experts.  

 

Ideators’ past success was measured by the number of implemented ideas before 7 days of ideators’ 

current idea contribution date. Ideators’ past submission was calculated as the total number of 

contributed ideas before 7 days of ideators’ current idea contribution date. Idea length was measured 

by the number of words contained in the idea posting. Idea richness was measured as the number of 

pictures, videos and links that the idea description contains. The descriptive statistics of the variables 

used in our empirical model are given in Table1. Table 2 shows the correlations between model 

variables. 

 

Table 1 Description of variables 
 Mean Std. Dev. Min Max 

Implemented ideas 0.06 0.24 0 1 

Past success 0.03 0.24 0 6 

Past submission  0.4 1.98 0 67 

Idea length 73.37 116.01 0 3976 

Idea richness 0.32 1.9 0 237 

 

 

Table 2 Correlations of variables 
 1 2 3 4 5 

1.Implemented ideas      
2. Past success  0.07***     

3. Past submission  0.005n.s. 0.4***    

4. Idea length 0.02*** 0.01** -0.01***   

5. Idea richness 0.01*** 0.01*** 0.01* 0.08***  
***significant at 1%, **significant at 5%, *significant at 10%, n.s. no significant  
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4.2 Results 

Given the dichotomous nature of dependent variable, we employ the logistic model for our data 

analysis. Logistic regression has been employed to explain choice decisions of individuals or 

companies in various contexts (McFadden et al. 1977). We adopt robust standard errors clustered 

within each contributor to account for possible heteroskedasticity and autocorrelation of errors within 

contributors in our analysis (Efron 1981). Because all of the explanatory variables are highly skewed, 

their log transforms are used in the estimations. Table 3 shows significant likelihood ratio test of the 

research model on the influence of ideators’ experience and idea characteristics on the 

implementation of ideas. Model 2 provide very good fits to the MIUI NFD forum data as indicated 

by the significant Wald chi-square statistics. Pseudo R2 value of model 2 is 11.07%.  

Table 3 Estimation results 
Variables Model 1 (n=109103) Model 2 (n=109103) 

Past success 1.1(0.07)*** 1.84(0.27)*** 
Past submit -0.11(0.03)*** -0.11(0.03)*** 
Idea length 0.05(0.01) *** 0.05(0.01) *** 

Idea richness 0.2(0.03) *** 0.83(0.13) *** 
Past success2  -0.57(0.19) ** 
Idea richness2  -0.41(0.08)*** 

Control variables Included Included 
Time/Category dummies Included Included 

Log-likelihood -22351.168 -22334.369 
X2(df) 5709.34***(58) 5773.59***(60) 

Pseudo R-squared 0.11 0.1107 

Note. (1) Robust standard errors in parentheses; (2) Views, comments, ratings, same day submission, time dummies and category dummies are the control 

variables in our study. (3) ***significant at 1%, **significant at 5%, *significant at 10%, n.s. no significant.  

 

As shown in Table 3, there is a significant inverted U-shaped relationship between the past successful 

experience and the implementation of ideas. Past submission is negatively correlated with 

implementation of ideas. Past submission inhibits the implementation of creative ideas. Idea length 

is positively correlated with implementation of ideas. There is a significant inverted U-shaped 

relationship between the richness of ideas and the implementation of ideas. 

  

5 Discussion 
 

5.1 Implications for Theory 

First, ELM is introduced as theoretical framework to integrate the influence of ideators’ experience 

and idea characteristics on idea implementation likelihood. According to ELM, source credibility 

and argument quality together influence individuls’ attitude towards specific objectives. ELM 

provides a sound theoretical framework for integrating the influence of ideators’ experience and idea 

characteristics on idea implementation likelihood. Second, we propose that there is an inverted U-

shaped non-linear relationship between past success and the implementation of ideas. More 

specifically, ideators’ past success produces innovative self-efficacy for them in the early stage so 

that the quality of ideas are increasing; however, when the past success is accumulated to a certain 

degree, ideators are likely to rely on the mode of previous success so that the quality of ideas are 

decreasing.  

5.2 Implications for Practice 

First, companies should attach great importance to the ideators whose past success is increasing and 

in peak, and take encouraging measures to fully unleash these ideators’ potential in innovation. 

Second, companies should realize that excessive working experience will consume ideators’ passion 

and capacity in innovation, so they shouldn’t excessively focus on the quantity of ideas submitted. 

Third, companies can release instructions on users’ generating ideas to encourage users to choose 

elaborate words to describe ideas. Fourth, users are suggested to use a proper number of pictures and 
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videos to present ideas, and cite system operation materials or external materials as supporting 

evidence. 
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Abstract 

Crowdsourcing contests have emerged as an innovative way for firms to solve business problems 

by acquiring ideas from participants external to the firm. Platforms develop a sponsored feature 

which will highlight tasks to make them stand out in order to help firms attract more participants. 

Seekers can adopt this feature by paying extra fees. This study examines the effectiveness of this 

sponsored feature on attracting solvers as well as improving task success. We find that using this 

feature will neither increase the number of solvers nor boost task success. However, not adopting 

the sponsored feature but using the amount of fees as a prize augmentation would both increase 

the number of solvers and lead to higher likelihood of task success. 
 

Keywords: Task Success, Number of Participants, Sponsored Feature, Task Design, Budget 

Allocation 

 

1. Introduction 
Crowdsourcing contest platforms allow a firm (aka. seeker) to obtain required solutions or 

services by organizing a tournament (aka. task) along with the prespecified prize on the platform. 

Platform solvers who are interested in this task will then submit solutions for the seeker. When the 

deadline approaches seekers select the most satisfing solution as the winner, and will not select a 

winner if they are unsatisfied with any submission. A task outcome can be a success when seekers 

find at least one satisfactory solution, or be a failure when they do not select a winner. Solvers 

compete for the prize since the winner collects all the prize and the remaining solvers get nothing. 

 

The widespread adoption of crowdsourcing to seek innovation among firms inevitably results in 

an increase in the number of tasks available on the platform. For example, the crowdsourcing site 

99designs handled approximately 423,000 contests by July 2015 (99designs.com). These open tasks 

for collecting solutions simultaneously compete for solver participation, but as a result some tasks 

may not be able to attract enough solvers (Mo et al. 2016). 

 

Platforms encourage seekers to adopt the “sponsored advertisement” feature when tasks are 

displayed on the task listing page in order to help tasks increase the number of participants. Seekers 

must pay a fee in addition to the award amount in order to advertise (sponsor) their tasks. These 

sponsored tasks will be highlighted with some colors and fonts, and thereby easily catch solvers’ 

attention since they are organized or displayed in a noticeable manner. Acknowledging the success 

of sponsored advertisements in increasing visitor volume and sales amounts in various e-commerce 

environments, practitioners believe that advertising for tasks can similarly increase solver volume 

and improve task outcomes (such as higher success probability). Most platforms therefore begin to 

provide sponsored feature services and encourage seekers to adopt this service. 

 

Despite platforms’ strong recommendations for using the sponsoring feature the effectiveness of 

this practice is under debate. On one hand, the cost of sponsoring a task in the crowdsourcing 
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environment is not low, particularly compared with the low amount of the award prize. For example, 

it costs US $49 (16.33% of the reward amount) to sponsor a task on CrowdSPRING. The additional 

cost of sponsoring a task is not an ignorable amount compared with a task’s award size (on average 

US $300), particularly when seekers adopt crowdsourcing in the hope of cutting costs. 

 

On the other hand, it is unclear whether or not using this costly sponsored feature in a task can 

actually increase the number of solvers. It has been found that sponsored advertisements can 

increase visitor volume and sales amounts in various e-commerce environments. Unfortunately, a 

special feature exists within the crowdsourcing contest environment that limits the generalizability 

of these findings in the other environments to the current research context: the crowdsourcing 

contest is a competitive environment. Solvers who join tasks after observing the sponsored 

advertisement will encounter competition. However, consumers who click the link after observing 

a sponsored advertisement usually do not need to compete with others in order to buy a product. It 

is therefore difficult to predict the task outcome when it adopts this feature without a systematical 

study. 

 

Moreover, the sponsored advertisement’s appearance in this environment increases the variety 

of budget allocation options for seekers. When they choose not to use the sponsored advertisement 

feature, seekers can use the portion of the budget allocated for that feature as an addition to the 

contest prize. However, it is unclear which strategy is more effective. 

 

Research evidence remains scarce regarding the relationship between sponsoring tasks and task 

outcome in term of solver quantities and task success. We attempt to fill this research gap by 

answering two specific questions. First, will the number of solvers and success outcome for a task 

change when it adopts the sponsored feature? Second, which budget allocation strategy is more 

effective in achieving better task outcomes - sponsoring the task or using the sponsoring feature’s 

cost to augment the task prize amount? 

 

2. Literature Review 
In crowdsourcing contests, mechanism design of crowdsourcing contests has received intensive 

attention. Award structure has been found to influence both participants and solution quality. Yang 

et al. (2009) find that increasing rewards can attract more solvers. Terwiesch and Xu (2008) 

investigate incentive effects of awards, finding that although innovation contests can reduce solvers’ 

overall effort levels, a larger solver population can increase the overall solution quality. Also, Kalra 

and Shi (2001) and Moldovanu and Sela (2001) have focused on the optimal prize structure, 

including how many prizes should be offered and how the award amount should be allocated among 

them. Other mechanisms, such as visibility of solutions and seeker feedback, also affect submission 

quantity. Wooten and Ulrich (2015) report that contests with disclosure of solutions attract more 

submissions. Wooten and Ulrich (2017) conduct experiments using two different platforms and 

find that seeker feedbacks encourage solvers to submit additional solutions as well as increase the 

average quality of all solutions. Different from these existing studies on mechanism design, we 

focus on a new task design feature, sponsored feature. 

 
3. Data and Variables 

We obtained detailed information regarding tasks, solvers, and solutions from the platform 

CrowdSPRING. Basic task information includes the prize amount, description, task posting and 

ending time, and whether or not the task is sponsored. We also have all participating solvers’ 
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information regarding their performance on historical tasks such as the number of tasks participated 

in, the number of tasks won, etc. Finally, we have 6,305 tasks with 1,115 sponsored tasks and 5,190 

non-sponsored tasks. Various measures are developed. 

 

For each task, we measure whether or not the task is successful (Task Success). If the seeker 

finally chooses one solution as the winning solution then the task would be regarded as a success; 

otherwise, as a failure. For each task, we count the number of solvers. We also control task 

characteristics, such as prize, duration, and number of awards. The task prize amount is set in US 

dollars. Since it is quite large, we adjust the prize unit by dividing it by 100. Duration is the lengths 

of tasks in terms of the number of days between the starting and end days. On CrowdSPRING the 

task descriptions describe what seekers are looking for in the logo and it contains the key message 

the design task entails. We capture task descriptions by measuring the description length in order 

to capture the information load within our context. Some seekers may provide examples of logos 

which represent what they like in attachments. We count the number of attachments. A binary 

variable is used to capture whether or not the tasks are sponsored, with 1 being sponsored and 0 

not sponsored (Sponsoring Tasks). 

 

4. Analyses and Findings 
Task-intrinsic features (e.g., task descriptions) as well as contest-specific features (e.g., prize 

amount and duration) may influence the task outcome, such as the number of solvers and successes 

(Boudreau et al. 2011, Yang et al. 2009). The prize as the primary solver incentive has been found 

to influence solver effort and therefore the outcome. The prize effect must therefore be completely 

removed when investigating the sponsoring feature effects. 

 

We need to make sure task outcomes are not driven by these factors but by the sponsorship. 

Ideally we would like each task with the sponsoring feature to be contrasted with another one where 

the task has the same features except for whether or not the seekers used the sponsored service. 

While it is impossible to find perfect counterfactuals in field settings, we can mitigate this selection 

effect by employing propensity score matching (PSM). 

 

Following the PSM procedure, we run a Probit regression for whether adoption of the sponsoring 

feature can be predicted by task covariates (Prize Amount, Duration, Number of Attachments, 

Length of Descriptions, and Number of Awards). Based on the estimated parameters, we estimate 

the probability of adopting the sponsored feature in each task, and the predicted probability will 

be used as the predicted propensity scores for matching process. 

 
4.1 Analysis I 

We test whether or not the outcomes of sponsored tasks are significantly different from those 

of non-sponsored tasks in terms of the number of solvers and the success outcome. In this analysis, 

the treatment group includes all the tasks which have been sponsored between April 2010 and June 

2016. 

 

We then match tasks in the treatment group and non-sponsored tasks based on their predicted 

propensity scores. First, for each treated task, we find non-sponsored tasks of the same prize 

amount to form the matching consideration set. We then compare each treated task with tasks in 

the consideration set and find the most similar tasks where the predicted propensity score of the 

chosen task is nearest to that of the treated task. As recommended by the existing literature, we use 
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the nearest neighbor (NN) matching with replacement. Matching with replacement guarantees 

that the most similar control task in the sample is chosen. However, NN matching faces the risk of 

bad matches if the nearest control task is still far away. In order to avoid this risk, we impose a 

tolerance level of 0.008 on the maximal propensity score distance (calliper) in the NN matching. 

Imposing this calliper ensures that the nearest control task chosen must be within the maximal 

tolerance level of the propensity score distance. These procedures allow us to achieve the highest 

degree of similarity between the treated and matched control tasks. 

 

We then select non-sponsored tasks which are similar to those featured tasks based on the 

propensity score and put them into the control group. The prize incentive effect can be eliminated 

since the treatment task has the same prize as the counterpart task. We then compare differences in 

task outcomes (e.g., the number of solvers and task success) between the treatment group and the 

control group via a T-test. The results are shown in Table 1. 

 

Table 1. Comparing Sponsored Tasks vs. Non-Sponsored Tasks with the Same Award 

 Non-Sponsored 

Mean 

Sponsored 

Mean 

  Non-Sponsored-Sponsored  

T-Statistic P-Value+
 

#Solver 35.178 35.988 -0.771 0.220 

Success 0.763 0.783 -1.096 0.137 
+
: Diff (Non-Sponsored-Sponsored)<0 

 

From the results in Table 1, we find that when the tasks are sponsored, they may attract more 

solvers to join but this increase is not significant. This surprising finding contradicts the claim from 

platforms who propose that the sponsored feature increases the number of solvers by as much as 

15% to 30%. We also find that using the sponsored feature does not increase the task success 

outcome significantly. These findings indicate that the sponsored feature in this environment may 

not be very effective in improving task outcome. 

 
4.2 Analysis II 

Although the sponsored feature cannot help increase number of solvers and task success 

probability, we examine whether using these fees to augment the prize amount will be more 

effective. In the second analysis we compare the effectiveness of two task structures: one with the 

sponsoring feature and another one without the sponsoring feature but with the fees augmenting the 

prize amount. We include tasks with the sponsoring feature as the treatment group, and use tasks 

without the sponsoring feature but with additional fees added to the prize as the control group. Each 

task in the treatment group should therefore have a lower prize amount than its counterpart in the 

control group, and the prize difference should be the sponsoring feature fee. 

 

The treatment group includes all the tasks sponsored between April 2010 to June 2016. We 

construct the control group by finding comparable tasks for each task within the treatment group. 

We also use the propensity score matching method in order to identify comparable tasks for each 

task in the treatment. We repeat the matching process as suggested in the previous section. However, 

during this match we need to make sure the difference between the treatment and control tasks is the 

fees from sponsoring a task. Since most task prizes are of a whole number by ten such as US $100, 

$150, $200, etc., it is difficult to find the exact matched tasks with a prize difference of US $49. We 

therefore round the fee of US $49 to US $50, and find non-featured tasks with additional US $50 
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prizes versus the featured tasks. We examine the match results by conducting T-tests in order to 

examine population between these two groups of tasks. The results are shown in Table 2. 

Table 2. Comparing Sponsored Tasks vs. Non-Sponsored Tasks with Augmented Awards 

 Prize Compensation 

Mean 

Sponsored 

Mean 

    Prize Compensation -Sponsored  

T-Statistic P-Value+
 

#Solver 37.732 34.433 3.148 0.001*** 

Success 0.833 0.787 2.463 0.007*** 
*** significant at 0.01 level 
+: Diff (Prize Compensation -Sponsored)>0 

 

The strategy of using sponsored feature fee as an additional prize portion could therefore attract 

more solvers to join. Finally, the task success probability increases when tasks use the prize 

compensation strategy. Our finding indicates that prize compensation is more effective than the 

sponsored feature in improving task outcome. 
5. Conclusion and Summary 

This study finds that sponsored tasks cannot increase either the number of solvers or the task 

success outcome significantly. We also find that using the sponsored fee as an augment to the prize 

is more effective. This strategy can increase number of solvers and task success probability. 

 

This study makes several contributions. First, our work contributes to the crowdsourcing contest 

literature by highlighting some counterintuitive effects that the costly feature of sponsorship could 

have on task outcomes. Although the sponsoring feature has been widely adopted on many 

platforms due to its effectiveness in generating positive outcomes such as promoting visitors and 

sales, our study does not find positive effects from using this feature. Our findings indicate that 

using the sponsored feature for tasks cannot significantly increase either the number of participants 

or the likelihood of finding satisfactory solutions. These findings provide some empirical evidence 

on the debate regarding whether or not using the sponsored feature is effective for crowdsourcing 

contests. 

 

Second, we also contribute to the research stream of task design and budget allocation within the 

broad research area, such as tournaments and contests. Existing research focuses primarily on the 

prize mechanism design such as the award amount, number of awards, and budget allocations. 

However, we focus on a new design issue: how to allocate the budget between the prize award and 

promotion when designing the task. We compare the effectiveness of using sponsored features as 

well as increasing the investment to the prize. Our findings show that using the budget on the award 

is more effective than using it on the sponsoring feature. 

 

This study has several implications for different platform stakeholders. These findings provide 

direct guidance to seekers on whether or not to adopt sponsored features. Our findings suggest 

solvers not consider adopting this feature since it does not increase either the number of solvers or 

the task success outcome. Furthermore, if solvers want to increase the probability of achieving a 

successful outcome they should consider using the budget on the prize compensation rather than 

the sponsored feature. 

 

Our findings also provide some insights into the application and design of promotion features 

within the platform. Current findings indicate that the sponsored feature via highlighting the task 

color and special fonts is not that effective. This ineffectiveness may be attributed to the weak 
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exposure effect. Highlighting colors and special fonts may not significantly increase exposure since 

these highlighted tasks drop down to the deep pages and the exposure effect degenerates. The 

platform could consider other possible ways to increase exposure by promoting tasks such as always 

holding them in the top position. We did not investigate the exposure effectiveness of other 

promotion methods such as locating links on the top position of the page or posting the 

advertisement on social media platforms. Evaluation on the effectiveness of other promotion 

methods is therefore needed. 
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Abstract 

Crowdfunding success has been an important issue for crowdfunding platform and project 

creators. We leverage a natural experiment to study the effect of incorporating a donate (i.e. no 

reward giving) option to reward-based crowdfunding projects. Our results show that adding the 

donate option increases the success rate of the non-charity projects. Interestingly, adding the 

donate option not only increases the total number of backers, but also the giving amount by for-

reward backers. This paper contributes to the crowdfunding literature by presenting novel 

evidence on the benefits of combining donation with for-reward giving, and a spillover effect from 

adding the donation option to the for-reward giving behavior. 

 
Keywords: Crowdfunding, Contribution Scheme, Donation, Natural Experiment, Altruism 

 
1. Introduction 

Despite raising awareness and popularity of crowdfunding, the success rate of crowdfunding 

projects persistently remained at a modest level. Extant studies have mainly attributed this low 

success rate to characteristics of campaign owners, including the owner’s activeness ( J. Xu et al. 

2015), her social capital (Bapna 2015; Cohen and Sundararajan 2015), and the channels she utilizes 

(Beier and Wagner 2015; Thies et al. 2014). Although crowdfunding success can be driven by 

factors beyond the attributes of campaign creators, there is a marked paucity in research that 

examines such factors. In particular, the design considerations of crowdfunding platforms have 

largely been neglected in the discussion of crowdfunding success and yet no studies have attempted 

to systematically examine the relationship between two. Of particular relevance to the topic is the 

design of contribution schemes within crowdfunding sites (Hu et al. 2015). Crowdfunding 

platforms currently operate under four different formats: debt, reward, donation, and equity. This 

discrete classification of crowdfunding platforms implicitly assumes that campaign backers on 

each site are motivated solely by one type of incentive. However, this is at odds with existing 

evidence which suggests that backers on the same platform can be motivated quite differently, 

some by financial payoffs and tangible rewards (Gerber and Hui 2013), and others by non-financial 

benefits such as altruistic motives (Qiu 2013). Given the contribution of funds can arise from 

different motivations, a natural question is “Should crowdfunding sites allow for multiple 

contribution schemes to enhance crowdfunding outcomes?” The relative high success rate of non-

profit crowdfunding projects as revealed in Belleflame et al. (2013) further suggests that intangible 

motives such as altruism and identification with the project cause, may be as important as, if not 

more important than, financial and tangible incentives in the crowdfunding context. This 
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observation leads to the follow-up question of whether donation schemes could enhance 

crowdfunding outcomes when offered in parallel with reward-based schemes. In this study, we aim 

to shed light on this question by investigating the effect of incorporating the donation scheme in 

reward-based crowdfunding that allows backers to contribute to campaigns without receiving any 

reward in return. 

 

We are able to test the efficacy of adding a donation option by leveraging a natural experiment in 

China, ZhongChou. The site underwent a major change on its platform, which allows backers to 

make monetary contributions to its hosted campaigns in the form of donations in September 2015. 

Prior to this site change, only campaigns listed in the charity category could receive donations, 

while campaigns listed in non-charity categories do not have this capability. The results show that 

the addition of the donation scheme has the impact of increasing the success of crowdfunding 

campaigns. This effect is observed even after accounting for inter-campaign differences via 

matched samples. In particular, we find that the heightened crowdfunding success comes from an 

increase in the number of backers contributing to the campaigns. A finer analysis indicates that 

the increase in charitable giving after the addition of the donation option has a spillover effect on 

the for-reward contributions, suggesting that the donation scheme can also affect the decisions of 

backers who are motivated by rewards. 

This work makes a few contributions. First, by assessing the effect of the donation option in the 

reward-based crowdfunding context, our study shows that the contribution-scheme design could 

play an important role in enhancing monetary contributions, adding to the current literature on 

crowdfunding success, which has largely focused on the characteristics of campaign owners and 

supporting behaviors. Second, our study adds to the theoretical understanding of the motivation 

of backers by providing evidence in support of non-financial motives in driving the willingness to 

contribute to crowdfunding campaigns. Previous researches on crowdfunding have been looking 

at backers’ motivational aspects separately, including the reward seeking, glow warm and 

supporting cause (Gerber and Hui 2013). Extant work on the topic has relied on surveys (Ryu et 

al. 2016) and focused on one specific crowdfunding campaign (Boudreau et al. 2015). Our work 

adds on to these past works by presenting novel evidence derived from a natural experiment that 

involves a design change that impacts thousands of campaigns. Third, our research uniquely finds 

that a donation option produces a spillover effect on for-reward giving. Our finding thus supports 

a hybrid contribution scheme that can leverage the spillover effect from charitable giving to  for-

reward giving. 

 
2. Literature Review 

 
Crowdfunding 

A major stream of crowdfunding literature focuses on how to increase the success rate of 

crowdfunding projects. This line of work has found that media richness, through picture and video 

presentation, plays an important part in crowdfunding success (Beier and Wagner 2015). A greater 
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number of interactions between project creators and backers is associated with a higher success 

rate (Beier and Wagner 2015; Xu et al. 2015). Another line of work looks at how the dynamic 

backing behaviors influence the project success rate. Research in this area looks at the influence 

of rational herding (Zhang and Liu 2012) and peer influence (Burtch et al. 2014). User motivations 

are also a very important part of crowdfunding platforms. Gerber et al. (2012) find that backers are 

motivated by rewards, supporting causes, and engaging with a trusting and creative community 

(Gerber et al. 2012). Boudreau et al. (2015) emphasize the importance of “intangible” motivations 

in the design of crowdfunding platforms. Ryu et al. (2016) study the reward motivation and 

philanthropy motivation. 

Charitable Giving 

Charitable giving has been studied in many areas including marketing, economics, social 

psychology, etc. One stream of study focuses on the actions of charitable organizations or 

beneficiaries. Early studies find the degree of need for help to be positively related to the likelihood 

that help will be given (Schwartz 1975). Another stream focuses on determining factors from the 

donor side. For example, (Bekkers 2005) studies the costs and benefits of the donating behavior. 

The psychological cost of a donation, such as perceived obstacles, reduces the amount of giving 

(Vaidyanathan and Snell 2011). On the benefit side, the monetary benefits of the charitable giving 

involve charitable gifts (eg. Thanks letter) and lotteries services. 

 
3. Study Context & Empirical Methodology 

We base our study on one of the largest crowdfunding platforms in China, ZhongChou.com, with 

access to its proprietary data. Since its inception in 2013, ZhongChou has raised over 200 million 

RMB and has hosted more than 13,500 projects, of which 30.7 percent are successfully funded. 

In August 2015, the platform introduced a site-wide change which added a donate option to all 

projects, allowing project creators to receive donations, or contributions that do not require 

rewards, even for projects that are listed outside the charity category. The site-wide change 

represents a natural experiment that we can use to assess the effect of a donation option on 

crowdfunding outcomes of non-charity project. 

We adopt a difference-in-difference (DID) framework, which is commonly used estimation 

strategy for quantifying the changes in outcomes after a shock or policy change (e.g., Xu et al. 

2016). In our context, projects listed under the charity category serve as the control units because 

they had the donate option both before and after the side-wide change. Non-charity projects (i.e. 

ones listed outside the charity category) serve as treated observations as they gained the donation 

option exactly due to the side-wide change. Following the DID specification, we estimate the 

following model: 

Crowdfunding Outcomei  = αTreatmenti  + βPosti  + γ(Treatmenti  ∗ Posti) + θXi  + ϵi. 

In this specification, we compare effects of the donation option (Posti) for non-charity (“treatment”) 

projects versus those for charity (“control”) projects. To account for potential differences between 

projects before and after the change and between project in charity and non-charity categories, we 

rely on propensity score matching to obtain a statistically comparable sample of treated and control 
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projects. By doing so, our estimation abstracts away effects of inherent project differences that 

may systematically drive crowdfunding outcomes (Rosenbaum and Rubin 1983). 

 
4. Results 

The results of DID estimation using a linear probability model are reported in table 1, where the 

first column (Total) contains the results using all projects that occurred before or after the 

treatment. The coefficient for the interaction term suggests that adding the donate option accounts 

for a 32.1% increase in the success rate. We then apply increasingly stringent propensity score 

matching methods to refine our estimation. PSM1 matches “after” projects (i.e. starting after site 

change) to “before” projects (i.e., ending before site change)). PSM2 matches charity projects to 

non-charity projects. PSM3 matches non-charity projects that started after the site change to 

charity projects that started after site change, and then matches to projects that ended before the 

site change. 

The results remain qualitatively the same for the coefficients. We also use Logistic  

Regression Model as an alternative model. The odds ratios of the interaction term are 

all larger than 1, which means the increasing success rate increases. 

Table 1: Linear Regression on Success Probability Table 2: Logistic Regression on Project Success 
 

  Total PSM1 PSM2 PSM3     Total PSM1 PSM2 PSM3 

 b(se) b(se) b(se) b(se)     odds ratio(se) odds ratio(se) odds ratio(se) odds ratio(se) 

PS -0.4209** -0.4437 -0.6259* -0.6639   PS 0.1324** 0.1265 0.0322* 0 

 -0.1419 -0.2283 -0.2495 -0.4515    -0.0965 -0.1393 -0.0542 -0.0008 

NC -0.2687*** -0.2707*** -0.2607*** -0.2493***   NC 0.2897*** 0.2739*** 0.2851*** 0.2859*** 

 -0.0197 -0.0301 -0.0258 -0.0415    -0.0287 -0.0417 -0.0382 -0.064 

PS*NC 0.3213*** 0.3268*** 0.2982*** 0.3195***   PS*NC 4.6177*** 5.0224*** 4.7443*** 5.2690*** 

 -0.0497 -0.0544 -0.0687 -0.0754    -1.2609 -1.4859 -1.7947 -2.1906 

Controls √ √ √ √   Controls √ √ √ √ 

 

R-squared 0.162 0.1409 0.2127 0.2218   Log-likelihood -2390.43 -1640.715 -907.265 -413.565 

N 4287 2959 1623 774   N 4287 2959 1615 766 

* p<0.05, ** p<0.01, *** p<0.001 PS (post site change) is a binary variable, which equals to 1 when project starts 

after site change and equals to 0 when it ends before site change. NC (Non-Charity) is a binary variables representing 

project category 

We also looked at the change in the total amount of support as an alternative way of examining 
crowdfunding success. The coefficient of the interaction term is 0.734, which indicates that the 
treatment account for a 108% increase in total support for non-charity projects. 

 
5. Robustness Checks 

To test the robustness of our findings, we first studying the monthly success rates to rule out the 

possibility that the success rate would have already increased before the site change. The success rate 

began to increase significantly after the site change, ruling out this possibility. To access whether the 

effect we detect is a  result of a cyclic phenomenon on the platform. We run the same analysis on 
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the data from year 2014 (i.e. a year before). The coefficient of the interaction term is no longer 

significant, which rules out the possibility that our main results come from a spurious time cycle effect. 

 
6. Mechanism 

The increase in project success rates could be a result of more backers contributing to the project. 

Alternatively, it could be because for-reward backers are giving more. We examine the two different 

mechanisms below. 

Mechanism 1: Number of backers 

Firstly, adding the donate option provides a new channel comparing to the exist channel of 

reward-based support. The project can get more backers who prefer to donation  than  for-

reward giving – who would have been absent if there is not a donation option. To explore this, 

we run the DID model on the total number of backers. We find there is a significant 66.3% 

increase on the total number of backers. The results for the three matched samples remain 

significant and positively, which supports the robustness of the results. 

Mechanism 2: Spillover Effect 

Firstly, the project success could also come from increased support from existing for-reward 

backers. Before adding the donate option, the support comes from those for-reward backers. 

After adding the donation option, support could come from both for-reward backers and those 

who donate without wanting any tangible reward in return. We use the log transform of the total 

for-reward support as the dependent variable. The treatment effect contributes to the increase in 

the for-reward support of the non-charity projects by 249%. The result remains significant in the 

three propensity score matching samples. 

 
7. Summary and Discussion 

In this paper, we examine the effect of adding a donate option to the success of  the  non-charity 

projects and explore the underlying mechanisms. We find that the donate option increases the 

success rate of the non-charity projects. In the charity-like scenario, backers  view their pledge 

more as a charitable donation than support in exchange for rewards. The donate option provides 

a new channel for those who want to just donate without requiring rewards. This new channel 

increases the total number of backers and the total support amount. Adding the donate option 

increases success rate of non-charity projects by providing a new source of funding from selfless 

donation. Interestingly, its impact also spills over to the for-reward giving, increasingly the total 

for-profit giving amounts. Our next step includes delineating the theoretical reasons for such 

spillover effects and extends such research on  other combination of contribution schemes. 
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Disappointed after Delivery? The Impact of Post-Funding Updates 

on Backer Participation in Crowdfunding 
 

Abstract 

 
The sustainability of reward-based crowdfunding platforms depends on backers’ 

continuous participation, which may be affected by the deliverables of previous projects.  

We empirically study the impact of post-funding project updates on backing decisions 

on Kickstarter. A key question is whether a backer increases or decreases supported 

projects after previous backed projects are delivered. Our results show that: (1) there 

is a significant decline in participation when the promised product is delivered; (2) 

about 1/8 of the campaigns postpone the delivery, and delay announcements 

significantly decrease backers’ future participation; (3) many backers leave as time 

goes by, but the funding-success ratio gradually increases for remaining backers, 

which indicates that backers’ ability to select high quality projects increases with their 

experience. These results provide important implications for crowdfunding platforms. 

 

Keywords: Crowdfunding, Investment satisfaction, Continuous participation 

 

1. Introduction 
For a variety of reasons, the user's contribution to the community will decline gradually 

over time (Huang et al., 2014). Such trends also manifest in backers’ behavior in 

crowdfunding campaigns. Figure 1 shows the scatter diagram for the number of 

participation for all backers over timer from Kickstarter (A1), which extracted from 

107,548 backers’ 16,700,471 investment records on 126,593 projects. Obviously, 

investment reduces gradually over time. On the other hand, A2 in Figure 1 shows that 

the user's activity decreases after 850th days, namely, the average life cycle for most of 

the backers is about 850 days. Compared to A1, the backers’ investment has decreased 

significantly during the 350th days to the 850th days, however, the decline trend does 

not indicate that the backers have left the Crowdfunding community forever because 

they are still wandering in the community until the 850th days.  
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Figure 1. The investment record (A1) and the backers’ duration in the system (A2) 

 

Another factor that may affect the sustainability of the community is the backer’s 

satisfaction on backed campaigns. Backers may be willing to continue to participate if 

the project implementation meets or exceeds their expectations. Otherwise, they may 

reduce the continuous participation once the they are not satisfied with the project 

implementation. They may even leave the crowdfunding community forever. Therefore, 

the backer's experience is critical to the sustainability of the crowdfunding community 

in long-run.   

 

2. Literature review and research hypothesis 
Crowdfunding is the practice of funding a project or venture by raising monetary 

contributions from a large number of people (Gleasure & Feller, 2016). Crowdfunding 

can raise funds for entrepreneurs to support innovation and the new model is changing 

many industries (Sorenson et al., 2016; Gamble et al., 2017). Table 1 shows the main 

references related to our study and the research gaps. Few studies analyzed the 

satisfaction of the backers on the backed project, not to mention the sustainable 

development of the crowdfunding community.  

 

Table 1. The main references and the research gaps 

Athours Year Main conclusions Gaps 

Huang et al. 2014 The number of ideas is reducing over time. 
However, the quality of the ideas are 
increasing. 

The study is on the idea 
production rather than the 
Crowdfunding.  

Escoffier et 
al. 

2015 Social network is more accurate than the 
experts. 
Collective decision promotes the social 
network. 

Lack the influence of social 
network on Crowdfunding.  

Smith 2015 The attitude of the backers are changing 
with the time and other users’ attitudes. 

The study is a case study 
rather than a collective 
decision. 

Wessel et al.  2016 Artificial manipulation of the quality 
signals have a very short-term positive 
effect on the backers. 

Social media cannot serve as 
a proxy for backers’ 
satisfaction. 

Kuppuswamy 
& Bayus 

2017 Backers will support crowdfunding projects 
financially when the users believe their 
contribution is mattered. 

Does not consider the 
backers’ satisfaction with the 
project implement. 

 

In reward-based Crowdfunding campaigns, the founders often make promises to reward 

some products to the backers, so the backers’ satisfaction with the project 

implementation determines the satisfaction of the backers. Based on the extant studies, 

we propose the following hypothesis.  

H1: The promised reward will affect the participation in crowdfunding positively.  

H2: The delayed delivery will reduce the investment intention.  

H3: The investment experience increases the backers’ ability to select high quality 

projects.  

 

3. Research data and empirical strategy 
3.1 Research data 

The data comes from kickstarter (www.kickstarter.com), one of the largest reward-

based crowdfunding platform. The data includes 126,593 projects and Figure 2 shows 
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the overall trend of the sample which reveals that the backers' investment behavior is 

continuously declining with the passage of time.  

 

Figure 2. Overall trend of the sample  

 

3.2 Econometric model 

We build an econometric model to estimate the impact of delivery announcement on 

the continuous participation, as shows in Equation (1). 

' ' '

1. . .it iit t tBackCount R Z D                             (1) 

 

Where, itBackCount
 indicates the number of projects invested by the user i  in the 

period t , 
'

tR
 presents the community-related variables. 

'

itZ
 means the backer-

related variables. 
'

1tD   indicates the projects’ delivery-related announcement in the 

period 1t  . 

 

3.3 Empirical strategy 

In kickstarter, the founders often generate a delivery announcement publicly after 

delivering the products, and Figure 3 shows an example. Therefore, we can detect the 

text topic by text mining. We adopt keywords matching method to identify the text 

topic.  

 

Figure 3. An example of delivery updated  
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4. Results and discussion 
4.1 Delivery announcement and continuous participation 

Table 2 shows the results on delivery announcements and continuous participation. As 

can be seen, investment significantly decreases after product delivery. The results 

indicate that the backers adjust their evaluation of crowdfunding campaigns after 

receiving the reward.  

 

Table 2. The regression results of delivery announcements and continuous participation 

 Model 1 Model 2 Model 3 Model 4 

New project .3308*** .1117*** .276*** .2762*** 

Community size .9725*** .2856*** .01*** .0236*** 

Register length -.5478*** -.1704*** -.0564*** -.0305*** 

Backed project discussion (lag) .0395*** .0093*** -.0011*** -.0015*** 

Delivery update count (lag) -.1282***   -.0327*** 

Backed update (lag)  -.0522***   

Backed success project count (lag)   .0981*** .0988*** 

R-squared 0.5112 0.4572 0.5869 0.5885 

*** p<0.01, ** P<0.05, * p<0.1 

 

4.2 Delayed delivery and continuous participation 

A considerable number of the updates is about delayed delivery. In our sample, about 

12% of the projects publish delay announcement as shown in Figure 4.  

 

Figure 4. The comparison on the delivery update and delay in delivery 

 

Table 3 shows the regression results on delayed delivery and continuous participation. 

The delay delivery is significantly negative correlated with the intention of continuous 

participation.  

 

Table 3. The regression results of delay delivery and continuous participation 

 Model  1 Model 2 Model 3 Model 4 

New project .1734*** .2663*** .2662*** .1733*** 

Community size .0169*** .0319** .0327** .0171*** 

Register length -.0563*** -.2316*** -.2291*** -.0567*** 

Backed project discussion (lag) .0044*** .0046*** .0046*** .0044*** 

Backed delivery delay update (lag)  -.0337***   

Backed delivery delay project (lag)   -.0528***  
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Backed delivery delay ratio (lag)    -.0869*** 

R-squared 0.7403 0.8461 0.8462 0.7404 

*** p<0.01, ** P<0.05, * p<0.1 

 

4.3 Investment experience on continuous participation  

With the passage of time, the backers accumulate investment experience, so they could 

evaluate the campaigns’ quality more accurately. Figure 5 shows the changes of 

funding-success ratio with time. The average success ratio of backers gradually 

increases as they gain more experience in backing crowdfunding.  

   

Figure 5. The changes of funding-success ratio with time varying 

 

We use Equation (2) to examine the impact of investment experience on funding-

success ratio:  

' ' '

1. . .it t it itSuccessPercent R Z D          ,                   (2) 

  

where itSuccessPercent
 means the changes on the funding-success ratio of the 

backer i  at the period t . Table 4 shows the impact of backers’ experience on the 

changes of funding-success ratio. As shown in Table 4, backers’ ability to select high 

quality projects increases with their experience.  

 

Table 4. The impact of backers’ experience on the changes of funding-success ratio    

 Model  1 Model 2 Model 3 Model 4 

New project .025*** .0251*** .0156*** .0155*** 

Community size -.0032** -.0032** .0042 .0044 

Register length .0062*** .0047*** -2.5e-04 -1.7e-04 

Backed project discussion (lag) -.031*** -.0309*** -.0224*** -.0224*** 

Backed project (lag) 9.1e-04*** 9.2e-04*** 3.1e-04*** 3.1e-04*** 

Delivery update count (lag) .0023***    

Backed success project count (lag)  .0027***   

Backed delivery delay update (lag)   .0046**  

Backed delivery delay project (lag)    .0038* 

R-squared 0.4295 0.4295 0.6359 0.6359 

*** p<0.01, ** P<0.05, * p<0.1 
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5. Conclusions and prospects 

In this paper, we empirically study the impact of post-funding project updates on 

backing decisions on Kickstarter. And we obtain the following conclusions: (1) there is 

a significant decline in participation when the promised product is delivered; (2) about 

1/8 of the campaigns postpone the delivery, and delay announcements significantly 

decrease backers’ future participation; (3) many backers leave as time goes by, but the 

funding-success ratio gradually increases for remaining backers, which indicates that 

backers’ ability to select high quality projects increases with their experience. These 

results provide important implications for crowdfunding platforms.  

 

Future study directions include: (1) some of the projects did not provide physical reward 

but virtual reward, and we did not consider the backers’ satisfaction in this kind of 

reward; (2) we employ text mining to identify the delivery-related content as well as 

the delay delivery content. However, there are plenty of updates in other topics, such 

as thanks-related content and progress report which need to be further detected.  
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Abstract 

 

Internet technologies and e-commerce have significantly reduced communication costs and 

facilitated trade between distant parties. Conventional wisdom holds that the world becomes flat 

and geographic divisions are gradually irrelevant. This study investigates the existence of origin 

location advantage for foreign branded products using a large data set collected from a brand 

owner’s website and an e-commerce retail platform. In particular, we empirically examine 

whether and how geographic location affects online sellers’ pricing strategies and transaction 

quantities and how the location advantage interacts with two classical informational signals— 

seller reputation and seller's observable effort in online markets. 

 

Keywords: Location, Geography, Online Market, e-Commerce, Home Bias 

 

1. Introduction 
Internet technologies and e-commerce have significantly reduced communication costs and 

facilitated trade between distant parties. Conventional wisdom holds that the world becomes flat 

and geographic divisions are gradually irrelevant (Friedman 2005). Interestingly, recent studies 

have found that location still impacts how people conduct searching, shopping and investing online 

(Bell 2014; Blum and Goldfarb 2006; Hortaçsu et al. 2009; Lin and Viswanathan 2016) and 

geography still matters in the virtual world. This study intends to further explore the role of location 

in the online environment and gain new insights into the geography of e-commerce. Specifically, 

we investigate whether and how the location affects online sellers’ pricing strategies and transaction 

quantities for foreign branded products. 

 

In the past, the literature has identified one type of location advantage, home bias. Home bias refers 

to the phenomenon where transactions (business, funding, etc.) are more likely to happen between 

parties who are geographically co-located (French and Poterba 1991). Previous studies in 

economics, finance and IS have confirmed the existence of home bias in a wide range of contexts 

such as equity investment and online auctions (Agrawal et al. 2011; Blum and Goldfarb 2006; 

Hortaçsu et al. 2009; Lin and Viswanathan 2016; Quelch and Jocz 2012). Nevertheless, online 

sellers are not always better off by locating closer to consumers, especially for foreign branded 

products (i.e. branded products originating from foreign countries). Safari and Thilenius (2013) 

show that the retailers’ country of residence can affect consumers’ perception about the retailers. 

Edwards et al. (2009) have also found that consumers perceive less psychological distance in 

presence of a more congruent image between the sellers and the brand. As a result, sellers located 

in the products’ origin countries although distant from consumers are often perceived as more 

trustworthy for successful transactions. 

 

In this study, we aim to investigate another type of location advantage, origin location advantage, 
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that could be critical for foreign branded products traded in online markets. We define origin 

location advantage as the phenomenon that consumers are in favor of sellers located in the origin 

country of the product brand. Specifically, we intend to answer two research questions. The first 

research question concerns the existence of origin location advantage. Do the sellers closer to the 

brand origin country mark up their listing prices higher and\or have a higher transaction quantity 

than sellers closer to consumers or vice versa? Second, seller location could convey important 

information about the sellers. How does seller location interact with the existing informational 

mechanisms, such as reputation and seller’s observable effort, in facilitating online transactions? 

 

We choose to study an online market where consumers purchase foreign branded products from 

heterogeneous sellers. Specifically, this study examines the prices and transaction quantities for 

Coach handbags on Taobao.com, the largest Internet retail website in China. Our data consist of the 

listing and transactions information of the online Coach handbags sellers for 36 weeks. The 

preliminary results show the sellers located in the product origin country mark up the prices higher 

but not necessarily result in fewer transactions than the sellers in the consumers’ home country, 

which evidences origin location advantage. In addition, we found origin location advantage 

attenuates the reputation effect and the effect of seller’s observable effort. 

 

Our research is among the first to investigate origin location advantage in foreign branded product 

purchasing. Foreign branded product purchasing on C2C e-commerce markets is often a gray area 

because of the lack of brand owner’s authorization and competition with the authorized channels. 

Our paper will not only help e-commerce platform provider and brand owner better understand 

online sellers and consumers’ behavior but also help inform future policies and regulations. 

 

2. Hypothesis Development 
For a branded product originating from a foreign country, origin location advantage may exist. Prior 

studies show that seller location is a key contributor to consumers’ perception about the retailer and 

the product in foreign online purchasing (Safari and Thilenius 2013). The literature on international 

marketing has agreed that consumers’ beliefs about product quality is influenced by the location of 

production (Bilkey and Nes 1982; Chasin and Jaffe 1987; Han and Terpstra 1988). When consumers 

are unable to evaluate a product, they use other extrinsic cues to learn product quality. One of the 

informational cues is country image, i.e., consumers’ general perceptions of a given country (Bilkey 

and Nes 1982). Han (1989) finds that consumers may use country image to infer individual product 

attributes and the overall product quality. Consumers’ perception of a country also affects their 

purchasing decisions towards retailers from that country (Hadjikhani et al. 2011). Consumers 

perceive less psychological distance to sellers whose location information is congruent with the 

branded products than to sellers who are located in other regions. As a result, consumers perceive 

the online sellers in the origin country as more trustworthy. In addition, sellers located in the origin 

country have informational advantages as they are closer to product source. It is relatively easier 

and less costly for them to acquire the products from official distribution channels of the branded 

products. Therefore, we expect that the sellers in the origin country mark up the listing price higher 

but still achieve a higher transaction quantity. We propose the following hypotheses: 

H1: Online sellers located in the origin country of foreign branded products have a higher price 

markup and transaction quantity than online sellers located in the home country of consumers. 

 

Prior literature has shown that information asymmetries in particular seller uncertainty is an 

important barrier to trade on e-commerce platform (Ba and Pavlou 2002; Dimoka et al. 2012). 
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Online retailers use various mechanisms to signal their trustworthiness. Two signaling mechanisms 

that are extensively examined by prior literature are reputation and diagnostic product 

information (Ba and Pavlou 2002; Dimoka et al. 2012). We expect that publicly observable location 

information can also serve as an informational signal to reduce the perceived risks in the online 

markets for foreign branded products and interact with other informational signaling mechanisms. 

 

Platforms have adopted online reputation systems mechanisms to help eliminate uncertainty and 

build trust between sellers and buyers. Prior studies have found that online sellers’ reputation has a 

significant positive effect on the price (Ba and Pavlou 2002; Hong and Pavlou 2014; Houser and 

Wooders 2006; Melnik and Alm 2002) and sales (Cabral and HortaÇSu 2010). Reputable sellers 

can enjoy price premiums as well as high transaction volumes since their reputation can signal their 

trustworthiness (Ba and Pavlou 2002; Hong and Pavlou 2014). Seller uncertainty and trust may also 

explain the locational effect on trade in e-commerce. Consumers trust sellers more if they are similar 

in terms of geographic location. Prior literature has examined both the locational effect and 

reputation effect simultaneously and shown that the reputation effect varies geographically. 

Hortaçsu et al. (2009) find that within city trade volumes are especially high in the product 

categories where seller reputation is lower. Chen et al. (2015) find that online sellers with high 

reputation is more like to export to other provinces, which suggests reputation is more important 

when seller location is disadvantageous. So we expect that there is an interaction effect between 

seller reputation and origin location advantage on the sellers’ pricing decisions and sales. In 

particular, origin location advantage may serve as a substitute to good reputation. We hypothesize 

that 

H2: The reputation effect is attenuated for online sellers who have location advantages. 

 

The labor economics literature shows that individuals have incentives to work hard for a higher 

output when their capability is unknown to the outsiders (Holmström 1999). On e-commerce 

platforms, online sellers put significant effort to eliminate the negative consequences associated 

with uncertainty. For example, write comprehensive diagnostic product descriptions and post visual 

images allowing consumers to examine the experiential attributes of the products. Dimoka et al. 

(2012) and Hong and Pavlou (2014) show that such information signals help reduce product 

uncertainty and the fit uncertainty between the product and the consumers perceived by consumers. 

Similar to the reputation effect, when consumers can use location information to derive cues about 

sellers, they may be less likely to be affected by sellers’ efforts and the sellers are less likely to 

engage such efforts. There we hypothesize that 

H3: The effect of seller’s observable effort is attenuated for online sellers who have location 

advantages. 

 

3. Empirical Context and Data Collection 
The context of our study is Taobao.com, the largest online retail platform in China. Taobao.com 

allows individuals to run online retail stores and sell a variety of products. In this study, we focus 

on the foreign branded handbags, in particular, Coach handbags. We chose it as the focal product 

to ensure standardization. The variety of product styles are limited and product style number can be 

referenced to identify a handbag style. In addition, the origin of the products is known as a foreign 

country (i.e., US) by the consumers on the e-commerce platform. This is especially important 

because location and geography are the focus of this study. 

Our data collection includes two steps. First, we collected the Coach handbag information, such as 

style number, official price, size, material, and being a new arrival or not, from the official websites 
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(www.coach.com). The second step of data collection was performed by using a web- based spider 

to automatically retrieve all listing pages of Coach handbags in Taobao based on the Coach style 

numbers collected from the official channels in the first step. The listing and transaction information 

that we extracted include listing prices, numbers of listing pages being added to wish lists, seller 

location information, seller reputation scores, transaction history, and so on. Our data consist of the 

Coach handbag’s style information, online gray market listings and transaction records from May 

30th, 2011 to January 23rd, 2012. 

 

4. Analysis and Results 
The unit of analysis is individual sellers. Since a retailer’s transaction quantity is very sparse, we 

aggregate a retailer’s transaction quantity to the month level. Therefore, the temporal unit in this 

analysis is “month”. 
 

The department variables are the price and monthly TQ (transaction quantity). In order to compare 

the price markup across the sellers and handbag styles, we define a normalized variable, PriceRatio 

= ((Listing Price + Shipping fee) - US Price) / Listing Price. To address the potential issue of 

endogeneity, we adopt 2SLS to estimate the price and transaction quantity. We use the price ratio 

that a seller sets for other handbags as the instrument variable for the endogenous variable 

PriceRatio. Since a seller is likely to follow specific rules to price his/her listings, the price ratios 

that a seller chooses for his/her products are very likely to be related but the transaction quantity of 

one product is not likely to be affected the price ratios of other products. In the first stage, a linear 

model is used to estimate the price ratio. 

 
where X represents the instrument and exogenous variables including PriceRatioIV, Reputation, 

Image, Local, Nonlocal, Breadth, SellreAge, USPrice, NewArrival, Material and the Size dummies 

(see Table 1 for variable description). 

 

TQ is a non-negative integer. Because excessive zeros exist in transaction quantities even though at 

the monthly level, we choose a zero-inflated count model. We estimate the following model: 

 
Where  is the zero-inflated link function and specified as a logistic regression. X represents the 

endogenous and exogeneous variables including PriceRatio, Reputation, Image, Local, NonLocal, 

USPrice, PlacementOnList, NewArrival, SellerAge, Material, Availability, and the Size dummies. 

We first pool the sellers together to examine the direct effect of location on the sellers’ pricing 

decisions and transaction quantity. In order to examine the interaction effect between seller location 

and other signaling mechanisms, we run the models for the sellers in the home country 

and the origin country separately and compare the coefficients (Home model vs Origin model). We 

standardize the data to eliminate the scale issue. Tables 1 and 2 show the results. 

 
Table 1. Estimation Results for the Price Models 

Variable Full Home Origin 

Location (=1 if in origin country and =0 if 

in consumers’ home country) 
0.055*** --- --- 

Reputation (seller reputation score) 0.005* -0.002 0.008** 
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Image (Image count in product 
description) 

0.001 -0.012 0.002 
Local (Number of local seller) -0.049** -0.030 -0.073** 
NonLocal (Number of nonlocal seller) -0.002 -0.025 0.037 

GapRatioIV (GapRatio that the seller sets for 

other handbags) 
0.692*** 0.665*** 0.707*** 

Breadth(Number of handbag styles a seller 
offers) 

0.015* 0.024 0.012* 
CollectCount (Number of listings added to wish 
lists) 

-0.009** -0.022 -0.008** 
SellerAge (Days elapse since seller start date) 0.006* -0.007 0.009* 
USPrice (Price on US official website, in rmb) -0.055** -0.043 -0.063** 
Size1 (size dummy, median) -0.161*** -0.188*** -0.147** 
Size2 (size dummy, large) -0.122** -0.141** -0.112* 
Material (=1 if leather and =0 otherwise) -0.027 -0.026 -0.026 
NewArrival(=1 if new arrival and =0 
otherwise) 

0.045* 0.051 0.041** 

Availability(=1 if available in the China 

official channel and =0 otherwise) 
0.060*** 0.092*** 0.054*** 

Adjusted R2
 0.530 0.615 0.488 

N 62,218 16,308 49,910 

 

Table 2. Estimation Results for the Transaction Quantity Models 

Variable Full Home Origin 
Location 0.043 --- --- 
PriceRatio -0.378* -0.015 -0.807*** 
Reputation 0.088* 0.151* 0.029 
Image 0.162*** 0.428*** 0.138*** 
Local 0.285*** -0.328 0.280 
NonLocal 0.208*** 0.649*** 0.196 
Breadth 0.325* -0.086 0.433** 
CollectCount 0.787*** 1.240*** 0.689*** 
SellerAge -0.148*** -0.002 -0.269*** 
USPrice -0.179*** 0.120 -0.233** 
Size1 0.026 0.038 -0.082 
Size2 0.343*** 0.150 0.309*** 
Material -0.307* -0.428*** -0.320** 
NewArrival 0.243 0.169 0.279 
Availability 0.336*** 0.107 0.389*** 
Inflate 
PlacementOnList 0.574*** 0.435*** 0.670*** 
Breadth 2.985*** 1.253* 4.128*** 
Adjusted R2

 0.145 0.129 0.131 
N 61,218 16,308 44,910 

 

The preliminary results show that seller location has a significant impact on seller’s price markup 

but not transaction quantity. The sellers located in the origin country mark up the price higher but 

not necessarily result in a smaller transaction quantity compared with the sellers located close to 

consumers. So H1 is partially supported. The origin location advantage dominates the home bias 

effect in term of pricing. We also found that the coefficients of Reputation are always positive and 

significant in the full model, which is consistent with prior literature. A t-test shows that the 

coefficient of Reputation in the Home equation is higher than that in the Origin equation only in the 
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transaction quantity models. These results suggest that origin location advantage attenuates the 

reputation effect on the demand side. Seller location and seller reputation are substitutes in term of 

signaling a seller’s trustworthiness from consumers’ perspective. However, for the pricing models, 

the coefficient of Reputation in the Origin equation is higher than that in the Home equation. The 

sellers in origin country is more sensitive to Reputation when pricing their handbags. So H2 is 

partially supported. We also find that the coefficients of Image are positive and significant in the 

Transaction Quantity models. A t-test also shows that the coefficient of Image in the Home equation 

is higher than that in the Origin equation. So H3 is also supported. Image represents the sellers’ 

observable effort in promoting their products. The results suggest that origin location advantage 

also attenuates the positive effect of seller observable effort on transaction quantity. So seller 

location is a substitute to seller effort in signaling a seller’s trustworthiness. 

 

5. Conclusion 
Our paper examines the role of location on the sellers’ pricing decision-making and transaction 

quantity in online markets for foreign branded products. Prior literature has shown that home bias 

persists in the virtual world. Our study provides empirical evidences that origin location advantage 

exists—sellers located close to the origin country price their products higher. We have also 

examined the interaction effect between location and traditional informational signaling 

mechanisms, i.e., reputation and seller’s observable effort, in online markets. We find that the 

positive effect of seller reputation and effort are attenuated for sellers located in the origin country 

and hence seller location advantage is a substitute to seller reputation and seller’s effort. 

 

Next steps, we will conduct additional robustness tests, for example, group handbags into different 

price ranges and examine another handbag brand. In addition, we will further explore the role of 

location in seller competition. 
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Abstract 

Reputation is critical to foster trust in online marketplaces, yet leaving feedback is a public good 

that can be under-provided unless buyers are rewarded for it. Signaling theory implies that only 

high quality sellers would reward buyers for truthful feedback. We explore this scope for signaling 

using Taobao's "reward-for-feedback" mechanism and find that items with rewards generate sales 

that are nearly 30%higher and are sold by higher quality sellers. The market design implication 

is that marketplaces can benefit from allowing sellers to use rewards to build reputations and 

signal their high quality in the process. 

 

Keywords: Reputation, Signaling, Market design 

 

 
1. Introduction 

The growth of trade in online marketplaces such as eBay, Amazon Marketplace, Taobao, Etsy, and 

others in the past two decades is remarkable not only because buyers are purchasing items that 

they cannot inspect, but purchasing is from anonymous and far away sellers. It has been argued 

time and again that reputation and feedback systems foster the trust needed to make buyers feel 

comfortable purchasing in these large anonymous markets. 

A challenge to user-generated feedback is that leaving feedback is time consuming, feedback 

is a public good that is most likely under-provided (Lafky, 2014). Nelson (1974) argued that sellers 

with high quality goods will advertise their goods as a signal of quality, an idea that was formalized 

by Kihlstrom and Riordan (1984) and Milgrom and Roberts (1996). We argue that, in a similar 

way, only high quality sellers who expect to receive positive feedback will be those  who will pay 

buyers to leave feedback. 

In this paper we use a unique dataset to empirically investigate this idea and shed light on 

several related questions. First, do sellers choose to signal their high quality by rewarding buyers 

for leaving feedback? Second, do buyers seem to infer sellers’ quality from theirs decision to offer 

rewards for feedback? And if so, what are the returns to sellers who reward buyers for feedback in 

terms of sales and feedback? 

Our data were obtained from Taobao, the world’s largest online customer-to-customer 

marketplace with nearly 500 million registered users. On March 1, 2012, Taobao launched a 

“Rebate-for-Feedback” (RFF) feature for sellers. A seller has an option to set a rebate value for 

any item he sells (in the form of cash-back or a store coupon) as a reward for a buyer’s feedback. 

If a seller chooses this option then Taobao guarantees that the rebate is transferred from the seller’s 

account to a buye. Feedback quality only depends on how informative it is. Taobao measures the 

quality of feedback with a machine learning algorithm. 

Our proprietary panel data set consists of 6,992,131 transactions purchased from 12,857 

randomly selected sellers who sold at least one unit between September 2012 and February 2013 

on Taobao.com in four distinct categories: cellphones, memory cards (referred to as “TF cards”), 
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cosmetic masks, and jeans. Our main findings are first, that RFF feature is chosen by higher quality 

sellers, implying that it can serves as a signal of quality. Second, sales of an item are about 30% 

higher when the seller chooses the rebate option, suggesting that buyers 

2. Hypotheses and Identification 

 

2.1 Hypotheses 

To study the effect of the RFF mechanism on sales and feedback, we are interested in investigating 

the following two questions: First, do sellers choose RFF as a signal of high quality transactions 

in lieu of having an established good reputation? Second, how do sellers benefit  from RFF in 

terms of sales and feedback? So, we propose five hypotheses as described in detail below. 

S1: A seller is more likely to choose RFF when he is inexperienced. (Reputation  Building 

Hypothesis) 

The theoretical literature suggests that building a reputation is more valuable in earlier stages 

of a seller’s career (Bar-Isaac and Tadelis, 2008). Similarly, the advertising literature suggests that 

a firm will “burn money” to promote brand awareness in its early stages(Milgrom and Roberts, 

1996; Bagwell, 2007). Therefore, a seller will choose RFF as a signal to attract buyers when he or 

she is inexperienced, which will also be an investment in reputation. 

S2: A seller who provides a high quality transaction is more likely to choose RFF. (Seller 

Signaling Hypothesis) 

As explained earlier in the introduction, the advertising literature (Nelson, 1974; Kihlstrom and 

Riordan, 1984; Milgrom and Roberts, 1996) implies that only a high quality seller who is confident 

enough that they will receive positive feedback will commit to reward feedback, assuming that 

consumers express their experiences truthfully. Therefore, a seller who plans to provide high 

quality transactions is more likely to choose RFF. 

B1: Choosing RFF increases an item’s sales. (Buyer Belief Hypothesis - A) 

Choosing RFF may have both short run and long run effects on sales. In the short run, RFF acts 

as a signal for high-quality. In the long run, it will attract more buyers. 

B2: Choosing RFF increases an item’s number of zero-word ratings. (Buyer Belief 

Hypothesis - B) 

If buyers infer that an item with the RFF feature has higher quality, then its sales will increase 

(hypothesis B1) but buyers for whom the cost of leaving feedback is high will ignore the rebate 

itself for its monetary value and only care about its signaling value. If an item’s number of zero-

word ratings increase when the RFF feature is chosen, then it suggests that buyers are attracted by 

the signal of quality and not by the rebate. 

B3: Choosing RFF increases the average length of an item’s ratings (Long Ratings 

Hypothesis). 

This hypothesis is quite trivial because informativeness is highly correlated with length, and 

Taobao’s automatic algorithm offers the reward only for what they deem informative. Hence,  any 

buyer who is interested in receiving a rebate must leave longer feedback. 

 

2.2 Identification 

To test hypotheses S1 and S2, we run logit regressions where the left-hand side variable is whether 

or not a seller adopts the RFF feature and test whether adopting RFF is associated with a seller’s 

experience and performance. The regressions include item fixed effects so that the decision to 

adopt RFF is identified within sellers-products. We also run the regressions without item-fixed 

effects to compare adoption across different sellers. 

The tests for hypotheses B1 and B3 are straightforward by testing whether item sales and the 
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ratio of long ratings are significantly higher when the RFF feature is adopted. To test for 

hypotheses B2, we test whether the number of ratings with zero Chinese characters is significantly 

increased with RFF adoption. In the main body of the paper, we use our entire sample data. 

 

2.3 Endogeneity Concerns 

There are two sources of endogeneity in seller decisions: prices and RFF adoption. We use an 

instrumental variables approach to address the potential problem of price endogeneity. We use the 

number of items in the same market as an instrument. 

Turning to the seller’s choice of adopting the RFF feature, we run the regressions of buyer 

behavior with item fixed effects. This is akin to a variant of the kind of “quasi-experimental” 

approach first used by Elfenbein et al. (2012) who study how sellers on eBay use charity as a 

substitute for reputation. 

 
3. Data Description 

Our data consist of 6,992,131 transactions purchased from 12,857 randomly selected sellers who 

sold at least one unit in our four chosen categories (cellphones, TF cards, cosmetic masks, and 

jeans) between September 2012 and February 2013 on Taobao. 

For each item, our dataset contains all transactions during the sample period. For each 

transaction, our data contain transaction ID, item ID, category ID that the item belongs to, buyer 

ID, seller ID, quantity sold, total transaction price, time stamp, and the corresponding rating 

information if it has been rated. Table 2 provides summary statistics at the item-month level. 

For each item, we summarize its product characteristics as monthly sales, monthly average 

price, monthly number of positive, neutral, negative, and long ratings. For each seller, we use the 

seller rating grade at the beginning of each month, and the ratio of seller positive ratings at the 

monthly level as seller characteristics. 

 
4. Empirical analysis 

 

4.1 Rebate Adoption 

To identify the factors that may affect a seller’s adoption decision, as well as whether the RFF acts 

as a signal of quality, we estimate the following panel regression: 

 

where yi,s,t ∈ {0, 1} is an indicator equal to 1 if item i of seller s in period t offers a rebate; P 

roducti,s,t−1 is a vector of product characteristics of item i in period t-1; Sellers,t−1 is a vector of seller 
characteristics, including seller rating grade in period t-1; Positive_Ratios,t refers to the seller’s 
ratio of positive ratings in period t, which is the number of positive ratings. 

Table 3 shows the results of the regression in equation (1). 

 

4.2 The Impact of Rebates on Sales and Ratings 

To examine the response of buyers to items that offer RFF we estimate the impact of a rebate on 

an item’s sales and on the ratings it receives using the following panel regression model: 

 
where yi,s,t is the dependent variables of interest; Rebatei,s,t is a vector that indicates the rebate status 

of item i sold by seller s in period t; δi and µt are item and month fixed effects. 
Table 4 uses ln(sales) as the dependent variable in equation (2) above. 
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4.3 Robustness Checks 

We estimate the average impact of a rebate for each category as a robustness check. Furthermore, 

we use two-week blocks instead of one month for the period window as a robustness check. We 

also conduct another set of robustness tests in which a period includes the first 15-days of each 

month from the 6 months we have. The main results are robust to these change. 

 
5. Conclusion 

Our empirical evidence suggests that higher quality sellers use RFF to send signals, and that 

buyers respond to these signals rationally, which in turn alleviates some of the adverse selection 

problems in anonymous online marketplaces. 

Turning to market design consequences of our study, the results of our analyses suggest that 

marketplaces can help reduce the asymmetric information problem by letting sellers engage in 

RFF signaling practices. It is in the interest of marketplaces to reduce the asymmetric  

information problem, and we show that established market mechanisms such as signaling can be 

used to enhance a marketplace’s quality, relaxing some of the need for external forms of 

regulation. 
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Abstract 
Online community leadership is an important power to the success and sustainability of the online 

community. Previous research has identified the shared nature of online community leadership by 

characterizing members of leading roles from the network and behavioral perspectives, yet such 

perspectives overlook the identity function of the leaders and the characteristics of the followers. 

To further understand the characteristics of shared leadership, this research applies social identity 

theory of leadership to seller community context by introducing two constructs: member 

prototypicality and identity uncertainty. Seller community is a place where people who are selling 

at the same online business platform get together to share information. This study uses a content 

analysis to find out the characteristic of the ideal identity of the community and conducts a survey 

to test the leadership model in a seller community. The possible findings can extend the current 

understanding of leadership characteristics on leadership effectiveness in the online community. 

 

Keywords: Online Communities, Leadership, Prototypicality, Uncertainty 

 

1. Introduction 
 

Online communities are online platforms where people of the same goals or interests can get 

together to exchange information or interact with each other. In the past decades, different types of 

online communities have emerged to serve purposes of individuals or organizations. Rather than 

initiated by a single person, nowadays many online communities are sponsored or created  by 

companies. For example, companies set up online brand communities to engage their customers as 

a channel for marketing communication, motivate consumer word-of-mouth (Goh  et al. 2013) and 

create a positive consumer-brand relationship(Zhou et al. 2012). Online game companies set up game 

communities, which provides additional social capital for players to stay and interact with each other 

and extends their gaming experience (Hsiao and Chiou 2012). A two-sided market platform such as 

Taobao.com, Amazon.com establish seller community to inspire, support and connect sellers on 

various business issues. 

Online communities set up by companies bring about different types of positive outcomes. Such 

positive outcomes include direct benefits from the content or the knowledge generated by members 

of the online communities and indirect benefits derived from member participation. On the one hand, 

members of the online communities participate and make knowledge contribution, which creates a 

repertoire of User-generated-content (UGC). For example, online reviews posted by members 

increase product information richness and affect consumers' purchase behaviors (Dellarocas et al. 

2010; Goh et al. 2013). Online communities of organization can promote the knowledge sharing and 

collaboration within organizations by enhancing the visibility of communication, allowing people to 

observe who knows what and to act proactively upon such inferences about the expertise (Leonardi 

2014). In open-source software companies, even peripheral members, that is, those who only 

participate in the projects at a random and low basis can help to improve the quality assessment and 

product awareness (Setia et al. 2012). 
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Given that the shared leadership is prominent in the online community, it is important to explore 

characteristics of leadership other than network or behavioral perspectives to gain new insights. 

Drawing from This study aims to investigate how member characteristics (member 

prototypicality and identity uncertainty) will influence leadership effectiveness in online community 

from the social identity theory of leadership perspective. Previous studies in online community 

literature have identified online community leaders based on their network attributes and behaviors 

(Johnson et al. 2015), which overlooks the identity-based connections among the community (Ren 

et al. 2012). This study also contributes to the recent efforts of research on two-sided market platform 

management (e.g. first-party content strategy (Hagiu and Spulber 2012), digital ecosystem strategy 

(Tan et al. 2015)) beyond economical strategies. By understanding the effects of leadership on 

attitudes and behaviors towards online community, this study can provide useful guidelines for 

online community management. 

2. Literature Review 

2.1 shared Leadership in online communities 
Shared leadership refers to a group characteristic that leadership is distributed across members 

rather than relied on a single appointed leader who is within or external to the group (Carson et al. 

2007). Shared leadership theory defines leadership as a social influence that reflects the mutual 

interaction and influence among members and consequently enhances group or organization 

performance(Carson et al. 2007). Previous studies have combined shared leadership perspective with 

other streams of leadership research, including traditional leadership (e.g. transactional leadership, 

directive leadership), new-genre leadership (e.g. visionary leadership, transformational leadership) 

and emergent leadership (see (Wang et al. 2014) for a review). However, there is not much research 

about how shared leadership can integrate with social identity perspective to understand leadership 

in the context where leaders and followers are not mutually exclusive (Chrobot-Mason et al. 2016). 

Researchers have indirectly demonstrated that online community leadership as a kind of shared 

leadership, which is a social influence process consists of mutual influences or ties among members 

(Bock et al. 2015; Faraj and Johnson 2011; Johnson et al. 2015). Members of high expertise and 

motivation contribute knowledge to the online community and more likely to be recognized as 

leading members. Online communities can attract and retain more leading members who can provide 

high quality and distinctive content. Besides, the infrastructure of online communities supports a 

networked relationship among members, which allows a flow of information communication. Each 

member of the online community can interact with each other directly without an agent or layers. 

Therefore, the information can be exchanged and shared without restricted by the hierarchy existed 

in organizations. 

 

2.2 Social identity theory of leadership 
The social identity theory of leadership is a formal extension and application of social identity 

theory (Tajfel and Turner 1986) to explain leadership as a social influence phenomenon(Hogg et al. 

2012; van Knippenberg and Hogg 2003). Social identity theory proposes that people define 

themselves based on the shared identity of the social group to which they belong. This theory 

assumes that leadership is effective via an identity process rather than a relationship forming process 

in other leadership literature. Two key concepts are involved in social identity theory of leadership 

to explain how to achieve leadership effectiveness: prototypicality and identity uncertainty. 

Prototypicality is the central concept in social identity theory of leadership to explain leadership 

effectiveness (Van Knippenberg 2011). Prototypicality refers to a cognitive structure that entails the 

essential set of group attributes covering different aspects, such as norms, ideal, or history of the 
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group (Giessner et al. 2009). It describes how much a group leader is representative of the group. A 

group leader of high prototypicality stands for the core values and characteristics of the ideal or peer 

members. Researchers of the social identity theory of leadership have found that prototypical leaders, 

compared with non-prototypical ones, are supported more firmly and considered more favorably, 

and such findings have been tested in lab experiments and organization contexts (for reviews, see 

(Hogg et al. 2012) ). For example, Giessner et al. (2009) found that participants evaluated the 

prototypical leader to be more efficient compared with the non-prototypical one. Another study by 

Cicero et al. (2010) tested the prediction using respondents from four Italian companies across 

different industries. The results showed that high leader group prototypicality had positive effects on 

leadership effectiveness and led to lower turnover intention. 

Identity uncertainty is another important concept in social identity theory of leadership in recent 

year (Grant and Hogg 2012; Hogg 2007; Hogg and Adelman 2013). According to the uncertainty 

hypothesis, people tend to conform to a social identity or group prototype to lessen or lower their 

self-uncertainty when they perceive high uncertainty about themselves or concerning identity (Hogg 

et al. 2012). For example, Cicero et al. (2010) found that when employees felt strong uncertainty 

about their boundary or definitions of the job, they would be more likely to confirm to the group 

leaders, especially the leaders of high prototypicality. People depend more on the group identity or 

prototypical member as information referent of social identity to reduce their uncertainty when they 

experience uncertainty and ambiguity (Turner et al. 1987; cf (Cicero et al. 2010)). Furthermore, such 

uncertainty perception intensified the effect of leader prototypicality on job satisfaction when people 

identify with the group. When employees experience high uncertainty or ambiguity, especially in the 

situations such as organization crisis or change (van Knippenberg, van Knippenberg and Bobbio 

2008), leader group prototypicality will play a larger role in leadership effectiveness. 

 
3. Theory Building 
3.1 Member Prototypicality 

In seller community, there are members of different levels of prototypicality. Some members can 

communicate the values and provide information related to the identity in an efficient way(Johnson 

et al. 2015) whereas some members are browsing and lurking (Preece and Shneiderman 2009). 

Adapted from the concept of prototypicality (Hogg et al. 2012), we define member prototypicality 

as a group-level construct that reflects the level of prototypicality of other members of the online 

community according to an individual member. Interacting with or reading information can inform 

members to understand the shared identity of the community. In the other word, a member infers the 

prototypicality of other members by observing the communications and behaviors in the online 

community. High prototypicality reflects the exchanges in the online community is informative and 

efficient to construct the shared identity (Platow and van Knippenberg 2001). They communicate 

the norms, the values the knowledge of the shared identity of the community effectively. People can 

derive satisfaction from interaction from members who can convey the shared identity information 

of the online community (Ray et al. 2014). 

According to social identity theory, people tend to define themselves in both personal and group 

levels(Brewer  and  Gardner  1996).  People construct their group level identity and define 

themselves as a member of a particular group by their understanding of the group prototype, i.e. the 

cognitive representation of the group (Hogg 2006). In seller community of high prototypicality, 

sellers are more likely to form their understandings of what it means to a seller. Sellers are more apt 

to stay in such community because their identity as a seller is confirmed and clearly defined in such 

settings, and they can continuously interact with other members who can strengthen the seller 

identity. 
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HYPOTHESIS 1 (H1). Member prototypicality influences intention to stay. 

HYPOTHESIS 2 (H2). Member prototypicality influences online community satisfaction. 

 

3.2 Identity Uncertainty 
 

Previous studies in organization context have found that uncertainty arises when the job definition 

is ambiguous or lacking (Ayyagari et al. 2011; Cicero et al. 2010). Similarly, sellers feel uncertainty 

when they are not sure about how to fulfill the duty of a seller; such uncertainty level varies 

depending on the seller’s experience and knowledge. Besides, even for experienced sellers, the 

chances are that unexpected incidents may occur and brings up new uncertainty to the sellers, for 

example, unexpected customers and change of the platform regulations. Therefore, uncertainty 

concerning the identity of being a good seller is an important phenomenon in the two-sided market 

platform. 

Social identity theory of leadership proposes that followers rely more on the prototype leaders 

especially in an uncertainty situation (Hogg 2007) to fulfill their desire to uncertainty reduction. 

When sellers experience high uncertainty, they need to rely more on the community for information 

required to reduce uncertainty. Member prototypicality reflects whether the community can 

communicate effectively or not, and determines to what extents the online community can facilitate 

the member to overcome uncertainty by getting identity-related information. Therefore, sellers are 

more likely to derive satisfaction in an online community of high member prototypicality, especially 

when they desire for such information promoting shared identity to reduce uncertainty. 

Similarly, when sellers perceive a high level of uncertainty, they will be more likely to subjected 

to what extent the online community can continuously and sustain to provide them information  to 

ensure the seller identity. Member prototypicality reflects the ability the community can provide 

social identity information continuously. Therefore, in a situation when the member perceives high 

identity uncertainty, member prototypicality has stronger effects on the intention to stay. 

 

HYPOTHESIS 3 (H3). When identity uncertainty increases (versus decreases), the positive 

relationship between member prototypicality and intention to stay increases (versus decreases). 

HYPOTHESIS 4 (H4). When identity uncertainty increases (versus decreases), the positive 

relationship between member prototypicality and online community satisfaction increases  (versus 

decreases). 

 
Figure 1 Seller community leadership effectiveness from social identity theory of leadership 

4. Research Design 
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To test the validity of our proposed model, we planned to survey sellers of a two-sided market 

platform, Etsy.com. Before conducting the main survey, we plan to conduct a content analysis and 

a pilot study to develop and test the measurement items. 

 

4.1 Research Settings: Sellers on Etsy.com 
We choose the Etsy (Etsy.com) seller community of two-sided market platform as the target for 

this study. Etsy.com, founded in 2005, is a global online two-sided market platform where  people 

sell and buy unique handmade products. Etsy had made sales of over 2 billion US dollars in gross in 

the first year has become one of the most popular online handmade markets. We choose seller 

community of Etsy as the targeted sample for the following reasons: first, people  on Etsy vary 

regarding the relevance of seller identity. Career advancement has provided essential content for 

one’s identity construction and the need for leadership. Pace et al. (2013) found that some (36.3%) 

Etsy sellers are full-time self-employed, whereas some others treat it as a part-time job. Treating 

seller identity as a career option allows Etsy members to perceive a normal distribution of the 

relevance of such identity. For those who regard themselves as full-time Etsy sellers, they may 

experience a higher level of identity relevance with it and regard being an Etsy seller to be part of 

their self-concept; whereas for those simply treat being an Etsy seller as a pro-amateur, there is more 

variation regarding identity relevance perceptions. Second, Etsy.com has tried to create an ideal 

prototype of Etsy seller by eliciting the values of the company; therefore, it is possible that members 

of the seller community of Etsy can form a consensus of the prototype of the Etsy seller identity. 

 

4.2 Content Analysis 
We plan to conduct a content analysis to develop the measurement for member prototypicality. 

Sluss et al. (2012) argue that prototypicality has different meanings across organizations and contexts, 

therefore using qualitative method is helpful to develop contextualized measures to achieve face 

validity to the target audience. Etsy.com has set up a blog of Featured Shop, in which Etsy conducts 

a semi-structure interview with success Etsy shop owners. Featured Shop interviews cover different 

aspects of shop owners, including their education background, the characteristics of their artwork 

and creation process. We choose Featured Shop interviews as the data for content analysis to generate 

the dimensions of prototypicality of Etsy sellers for two major reasons. First, Featured Shop 

interviews are popular among Etsy sellers, and such contents attract a lot of comments and feedbacks 

from sellers; second, featured shop interviews have been analyzed as an informative and reliable 

source to understand the characteristics of sellers in the previous study (Pace et al. 2013). Etsy 

divides the shops into 5 categories: style, DIY, home and living, weddings, and occasions. We have 

collected all the interviews available online by 2017-02-15. There are 148 interviews in total by the 

time of data collection. There are three parts in each featured shop interview: first, the title and the 

category of the shop; the second part is the interview script of the featured seller. In most cases, the 

Etsy interviewer asks 4 to 6 questions; the last part, other sellers on Etsy, can comment on the shop 

or the featured seller. We expect to generalize different themes that can describe the characteristics 

of Etsy sellers by the content analysis. 

 
Categories Number of interviews 

Style 62 

DIY 41 

Home and Living 35 

Weddings 21 

Occasions 9 

In total 148 
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4.3 Survey 
The questionnaire comprises four constructs and five control variables. Member prototypicality,  

a context-relevant construct, is developed by the seller characteristics derived from content analysis 

following a similar approach used by (Sluss et al. 2012). The measures of identity uncertainty are 

adapted from Wagoner et al. (2017) and Jung et al. (2016). The measures of intention to stay are 

from Hsiao and Chiou (2012) and Ahuja et al. (2007). We measure online community satisfaction 

by using Ray et al. (2014) and Agarwal et al. (2012). 

The five control variables include the demographic measures (age and gender), the online 

community experience (length of tenure, visit frequency) and the offline activities.  Demographics 

Individual characteristics such as gender (Kamboj and Rahman 2016; Koivisto   and Hamari 2014; 

Kuo et al. 2013) and age (Maier et al. 2015) may have direct or indirect effects on the attitudes or 

perceptions in online communities in some circumstances. The two measures, the length of tenure 

and visit frequency, reflects the level of participation and involvement of the online community. 

Etsy.com as a two-sided market platform has initiated some offline activities to help sellers; 

participating in offline activities may influence their attitudes toward it. Therefore, we choose these 

five variables as control measures on online community satisfaction and  turnover intention, which 

are constructs related with online community attitudes. A field pre-test will be conducted to finalize 

the scales. 
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Abstract 
 

Many online communities deploy short-term extra incentive policy to motivate user contributions, 

especially for the new members. However, whether the communities can benefit from this policy is 

unclear. We draw on a policy change in a leading online health platform to answer this question. 

We find that even though the short-term extra incentives increase contribution quantity during the 

policy window, but decrease contribution quantity significantly after the policy window. The policy 

also does harm to the platform by decreasing contribution quality, but can help to increase user 

survival. Moreover, the impacts of the short-term extra incentives are contingent on users’ 

professional titles.  

 

Keywords: Online health communities, Short-term extra incentives, User contributions, professional 

title, User survival 

 

1. Introduction 

In recent years, information technology (IT) has been transforming the healthcare industry (Agarwal 

et al. 2010). In this digital transformation, one noteworthy phenomenon is the global booming of 

online health communities and platforms (Agarwal et al. 2010). A fundamental issue facing online 

health communities is how to motivate the information providers (e.g., doctors) to contribute 

adequately and with high quality (Wasko et al. 2005).  

 

Besides motivating the general information providers, online communities also pay special attention 

to new members. One possible solution for this issue is to provide extra incentives for the newcomers 

in a short time. However, these exists a gap in our knowledge of the impacts of the short-term extra 

incentives on user contributions. Accordingly, our first research question is: How do short-term extra 

incentives for newcomers influence their contribution quantity during and after the extra incentive 

window in online health communities? 

 

Besides contribution quantity, contribution quality is another vital issue for most online communities 

(Chen et al. 2014), which is especially important in the healthcare context. However, prior studies 

do not have a consensus regarding the impacts of monetary incentives on contribution quality 

(Wimperis et al. 1979). Hence, our second research question is: How do short-term extra incentives 

for newcomers influence their contribution quality during and after the extra incentive window? 
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For most doctors, obtaining incentives from online health communities is only a complement to their 

offline income. Thus, their offline characteristics, such as doctors’ title in the hospital, may influence 

their reactions to the extra incentives from online health communities (Bateman et al. 2011). Our 

third research question is: Are the effects of short-term extra incentives on user contribution 

behaviors contingent on their offline titles?  

 

2. Hypotheses Development  
Providing monetary incentives for online contributions will induce the users to perceive a 

contingency between their contributions and a desired consequence, and then they will be 

extrinsically motivated to contribute to attain the consequence (Deci et al. 2002). Receiving extra 

incentives for each contribution means that the desired consequence is much better for the 

newcomers. Thus, when newcomers receive extra incentives, they will generate higher extrinsic 

motivations than those receiving normal incentives.  

H1: The short-term extra incentives have a positive effect on contribution quantity during the extra 

incentive window. 

 

For the long-run effect of the short-term extra incentives, we proposed two potential explanations. 

The first is based on the traditional motivation crowding theory (Gneezy et al. 2011). Without the 

extra incentives, the newcomers will first reduce their extrinsic motivations to a similar level with 

those who did not experience the policy (Deci et al. 2002). However, receiving less reward for each 

contribution without the extra incentives makes them perceive their competence is undervalued. Thus, 

the cease of the extra incentives policy can thwart their need satisfaction, which in turn decreases 

their intrinsic motivations. The second explanation is based on the prospect theory arguing that the 

cease of extra incentives can crowd out extrinsic motivations. When having the extra incentives, the 

newcomers will develop a contingency between their contributions and the total incentives (Deci et 

al. 2002). Removing the extra incentives will break this balance. Their reference with their previous 

status will make them perceive a loss of income (Kahneman et al. 1979). Furthermore, their loss 

perceptions will be amplified due to loss aversion (Kahneman et al. 1979). Then their extrinsic 

motivations will be decreased.  

H2: The short-term extra incentives have a negative long-run effect on contribution quantity after 

the policy window. 

 

Newcomers with high titles generally have a high regular income from their hospital, and this income 

will influence their reactions to other income. Thus, when extra incentives are provided, these doctors 

with high titles will have a lower value evaluation on this extra incentives than those with low titles 

(Bénabou et al. 2006; Benabou et al. 2003). This lower value evaluation will induce lower extrinsic 

motivations increase among them (Deci et al. 2002). Similarly, the cease of the extra incentives is 

also less important for newcomers with high titles.  

H3: Doctors’ title weakens the effect of short-term extra incentives on contribution quantity.  

H4: Doctors’ title weakens the long-run effect of short-term extra incentives on contribution quantity.  

 

Newcomers with extra incentives will be more extrinsic motivated to increase their incentives than 

others. They will make efforts to attract more future consumers (patients). Their previous 

contributions (replies to patients’ enquires) are public for the future consumers, and patients have a 

high willingness to pay for high-quality services or goods (Kranton 2003). Thus, providing high 

quality contributions is an effective approach for them to gain more consumers and incentives. 
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Therefore, they will be extrinsically motivated to provide high quality contributions. On the other 

hand, a general finding in the motivation literature shows that under quantity-contingent incentive 

conditions, contribution quality and quantity are inversely related (Lawler et al. 1973; Wimperis et 

al. 1979). That is to say, they will tend to increase contribution quantity at the expense of quality 

(Lawler et al. 1973). This supports the competing hypothesis.  

H5A: The short-term extra incentives have positive effects on contribution quality.  

H5B: The short-term extra incentives have negative effects on contribution quality.  

 

3. Research Methodology  
3.1. Research Context 

The context of this research is a leading online health platform in China. The platform consists two 

sections for a doctor: the homepage and the online community section to answer questions from 

patients. The homepage provides detailed offline information of a doctor.  

 

We exploit a policy change in the platform as our identification strategy. Beginning on April 1st 2016, 

the platform enforced a policy to provide double incentives for new doctors for their first replies in 

a short period. We adopt a difference-in-difference (DID) model to estimate the effects. The first 

difference exploits the exogenous shock of the policy change. We thus use new doctors who entered 

between April 1st and June 30th 2016 as our treatment group, who we call the “newcomers” hereafter. 

The second difference utilizes doctors who did not experience double incentives as our control group.  

 

3.2. Empirical Analysis 

We collect data from doctors who entered the online platform in 2015 and 2016. The dataset is at 

daily level and includes 28,848 doctors across a period of 24 months. We then construct a panel data 

from a subsample as our main analysis sample, which includes new doctors who entered in April, 

May, and June in both 2015 and 2016 and their contributions in the following five months after entry. 

Our dependent variable is Replied_Patients, which measures how many patients a doctor replies. We 

also refer to this variable as the contribution of a doctor. Has_Double indicates whether the doctor 

has experienced the double incentive policy, which we use to distinguish our treatment and control 

groups. Double and After_db are two dummies that indicate whether the policy is ongoing or has 

ceased for the doctor, respectively. Table 1 shows the regression results of our main analysis with 

both ordinary lest squares (OLS) and fixed effects (FE) models. 

Table 1. Impacts of Double Incentives on Contribution Quantity 

DV: Replied_Patients 
OLS Models FE Models 

(1) (2) (3)  (4) (5) (6) (7) (8) 

Has_Double -.059*** -.056*** .026 .022 omitted omitted omitted omitted 

Double .031*** .125***   .048*** .122***   

Double×Title2  -.109***    -.081*   

Double×Title3  -.147***    -.097**   

Double×Title4  -.139***    -.162**   

After_db   -.107*** -.193***   -.090*** -.228*** 

After_db×Title2    .048    .153*** 

After_db×Title3    .171***    .169*** 

After_db×Title4    .237***    .318*** 

Title2  .052***  .006  omitted  omitted 

Title3  .002  -.109***  omitted  omitted 

Title4  .042***  -.101***  omitted  omitted 

l.Cum_Replies .007*** .007*** .007*** .007*** -.002*** -.002*** -.002*** -.002*** 

Since_Open -.006*** -.006*** -.006*** -.006*** -.001*** -.001*** -.001*** -.001*** 
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Adjusted R2 0.343 0.343 0.343 0.344 0.025 0.025 0.025 0.026 

Note: ∗p < 0.05; ∗∗p < 0.01; ∗∗∗p < 0.001. 

 

From Model (1) and (5), we can find that the coefficients for Double are positive and significant (p 

< .001). This indicates that extra incentives induce newcomers to contribute more during the policy 

window. This finding supports our H1. After the policy window, the cease of double incentives 

negatively influences contribution quantity, as shown in Model (3) and (7). On average, the cease of 

the policy decreases contribution quantity by 0.09 replies per day during the four months after the 

policy window. This finding supports our H2.  

 

Models (2) and (6) report the moderating effects of doctors’ offline titles during the policy window. 

The effects of Double×Titles are all negative and significant (p < .01). As the rank increases, the 

effect gradually decreases. Therefore, our H3 is supported. Similarly, Models (4) and (8) show as the 

rank increases, the long-run effect also gradually decreases. Therefore, our H4 is supported.  

 

While we have shown the effect of short-term extra incentive on contribution quantity, the question 

about the contribution quality remains. We proxy the contribution quality with the virtual gifts (Gifts) 

and thank-you letters (Thank-you) that doctors receive from patients. Table 2 shows the results from 

fixed-effect models with robust standard errors. We found that short-term double incentives do not 

increase contribution quality during the policy window, but decrease contribution quality in the long 

run. Therefore, H5A was rejected.  

 

Table 2. Impacts of Double Incentives on Contribution Quality 

DV:  
Gifts Thank-you 

(1) (2) (3) (4) (5) (6) (7) (8) 

Double .000 .000   .000 .000   

Double×Title2  .000    -.000   

Double×Title3  -.000    -.000   

Double×Title4  -.001    .001   

After_db   -.003*** -.002***   -.001*** -.001*** 

After_db×Title2    .000    .000 

After_db×Title3    .001    .001 

After_db×Title4    .002**    .001 

l.Cum_Replies .000*** .000*** .000*** .000** -.000** -.000** -.000** -.000*** 

Replied_Patients .008*** .008*** .008*** .008*** .001*** .001*** .001*** .001*** 

Since_Open .000 .000 .000*** .000*** -.000*** -.000*** .000 .000 

Adjusted R2 0.021 0.021 0.000 0.021 0.003 0.003 0.001 0.003 

Note: ∗p < 0.05; ∗∗p < 0.01; ∗∗∗p < 0.001. 

 

The main goals the short-term double incentive policy is to motivate users to contribute more replies 

with high quality. We have found that on average the policy has negative effects on contribution 

quantity and no positive effects on contribution quality. Meanwhile, if the policy can retain 

newcomers for a longer time, it can still benefit the platform. We further test whether the double-

incentive policy can help the platform to increase user survival. The results are shown in Table 3. 

From the results we can conclude that the effects of the double-incentive policy on the hazards ratio 

of newcomers’ exit are negative and significant. Thus, newcomers who experienced the double-

incentive policy are less likely to exit the community. 
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To summarize, even though we found that providing short-term double incentives for the newcomers 

demotivates them to contribute and does not increase their contribution quality, but it can benefit the 

platform by driving them to survive for a longer time. 

Table 3. Impacts of Extra Incentives on Newcomer Survival 

Model 
Cox semi-parametric model Parametric survival model 

Parameter 
estimate 

Hazard 
ratio 

Parameter 
estimate 

Hazard 
ratio 

Parameter 
estimate 

Hazard 
ratio 

Parameter 
estimate 

Hazard 
ratio 

Has_Double -.480*** .619 -.357** .700 -.399*** .671 -.284* .753 

Title2 -.309*** .734 -.320*** .726 -.667*** .513 -.810*** .445 

Title3 -.408*** .665 -.194** .824 -1.05*** .350 -.683*** .505 

Title4 -.605*** .546 -.232** .793 -1.55*** .213 -.952*** .386 

l.Cum_Replies -.090*** .914 -.091*** .913 -.000*** .998 -.000*** .998 

Has_Double*Title2   .039 1.04   .215 1.24 

Has_Double*Title3   -.331*** .718   -.501** .606 

Has_Double*Title4   -.603*** .547   -.812*** .444 

Wald 2 474.7 529.0 506.2 543.0 

Note: ∗p < 0.05; ∗∗p < 0.01; ∗∗∗p < 0.001. 

 

4. Discussion 
This research provides five aspects of key findings. First, providing short-term extra incentives for 

new members does increase contribution quantity during the policy window, but decreases it in the 

long run. Second, we find evidence that the introduction of extra incentives crowds out intrinsic 

motivations, and the cease of extra incentives (back to the normal level) does not crowd out users’ 

intrinsic motivations, but their extrinsic motivations. Third, short-term extra incentives do not 

increase contribution quality. Fourth, short-term extra incentives have a stronger impact on 

contribution quantity among users with low titles and have a weaker impact among users with higher 

titles. Fourth, even though the short-term extra incentives do not benefit the platform by increasing 

users’ contribution quantity and quality in a certain time, we find that it does gain the communities 

by inducing the newcomers to survive for a longer time.  

 

Based on our findings, this study provides several significant managerial implications. First and 

foremost, short-term extra incentive policy is not an effective approach to motivate new users’ 

contribution quantity and quality for online communities in a certain time. Second, short-term extra 

incentive policy for newcomers does benefit the communities by increasing their survival periods. 

Third, although the short-term extra incentive policy decreases contribution quantity in a certain time, 

as it can increase user survival, this policy can increase the overall contribution quantity by increase 

the contribution quantity of some users in their lifecycles. Fourth, short-term extra incentive policy 

has a weaker effect on contribution quantity and a stronger effect on user survival among users with 

higher professional titles. 

 

This research gains to the current literature in five aspects. First, this research explains whether and 

why providing short-term extra monetary incentives is an effective measure to motivate user 

contributions. By testing the effects of this policy on user contribution quantity, contribution quality, 

and user survival, our research is one of the first that empirically and precisely explores the 

effectiveness of inter-temporal change of incentives on user contribution behaviors. Second, our 

study extends the understanding of the motivation crowding theory by incorporating the condition 

that the inter-temporal change of external incentives can also induce users to undermine their 

extrinsic motivations. By doing so, this research sheds light on the motivation crowding theory by 

replicating in online communities and extending it to incorporate the crowding out of extrinsic 
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motivations. Third, our findings indicate that the short-term extra incentive policy has stronger 

positive direct effects and negative long-run effects on contribution quantity among users with low 

professional titles than users with high professional titles. Finally, by explicitly investigating the 

impacts of short-term extra incentives on user contributions, this research provides empirical 

evidence to the deduction that the reduction of external rewards can demotivate contribution quantity 

and quality.  
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Abstract 
 

Content communities are embracing the social networking mechanism. However, it's unclear how 

social ties may influence user contribution behavior. This study explores the influence of social ties 

on the quality of user-generated content from the perspectives of motivation and social learning. 

Preliminary results from a social question-and-answer community reveal that the number of 

followers of a user diminishes the quality of his/her future contributions. By contrast, the number of 

followings enhances the quality of such contributions. Moreover, social ties become influential after 

a period of time rather than immediately.  

 

Keywords: Content quality, Social ties, Social Q&A community, Social learning 

 

 

1. Introduction 
The social networking mechanism is being embraced by content communities, such as Instagram, 

YouTube, Digg, Yelp, and Quora. A typical example in China is Zhihu, a social question-and-answer 

(Q&A) community similar to Quora. Zhihu has achieved remarkable success recently: its number of 

users has increased from 400 000 to 65 million in the last 3 years. Moreover, the number of daily 

active users of Zhihu had exceeded 18 million by the end of 2016. Given the substantial increase in 

the number of users, ensuring the quality of user-generated content (UGC) becomes crucial to the 

success of the community. 

 

Zhihu differs from traditional Q&A communities in that the former highlights the connections among 

people. That is, a user can follow other users without their permission. This mechanism serves two 

purposes. The first is information filtering, that is, users can receive information that they are 

potentially interested in by selectively subscribing to the feeds of other users. The second purpose is 

relationship building and maintenance, that is, users can make friends and remain in contact with 

other users. However, the effect of social networking on user contribution behavior, particularly the 

quality of UGC, is still unclear (Levina & Kane, 2014). 

 

Empirical research on this topic is still lacking. First, previous research analyzes the factors that 

influence the quantity of UGC (e.g., Goes et al., 2013; Toubia & Stephen, 2013). However, few 

studies have explored how to improve the quality of UGC. Second, there are both incoming ties (i.e., 

followers) and out-coming ties (i.e., followings) in a directed network. Prior studies have considered 

the effect of followers but overlooked that of the followings (e.g., Goes et al., 2013; Toubia & 

Stephen, 2013). Although users can build their reputation by attracting followers, they acquire the 
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opportunity to learn and improve by following other users. Therefore, the effects of followings 

deserve investigation. 

 

This study analyzes the effects of social ties, including followers and followings, on the quality of 

UGC in Zhihu. From the perspective of motivation, we propose that having followers satisfies the 

motivation of a user for self-efficacy, altruism, and recognition, thereby influencing the quality of 

his/her contribution. From the perspective of social learning, we propose that following others 

facilitates the learning process of a user, thereby enhancing the quality of contribution. Our results 

show that the number of followers diminishes the quality of the user's contributions, whereas that of 

the following enhances the quality. Moreover, the effects of followers and followings are exerted by 

ties established in the past rather than those added recently.  

 

2. Literature Review 
2.1 Q&A Communities and Motivations for Knowledge Contribution 

Users contribute knowledge for various reasons. Based on self-determination theory, we classify the 

motivation for knowledge contribution into three categories (von Krogh et al., 2012). First, extrinsic 

motivation comes from outside the individual, and includes rewards, career promotion, and job 

opportunities (Lou et al., 2013; Zhao et al., 2016). Second, intrinsic motivation is derived from the 

inherent satisfaction of performing the behavior per se, and includes enjoyment in helping (i.e., 

altruism) and knowledge self-efficacy (von Krogh et al., 2012; Lou et al., 2013; Ray et al., 2014; 

Zhao et al., 2016). Third, internalized motivation comes from external influences at first and becomes 

internalized thereafter as one’s own, and includes recognition (e.g., reputation, status, respect, and 

appreciation), social interaction, learning, reciprocity, and identification (von Krogh et al., 2012; Lou 

et al., 2013; Ray et al., 2014; Zhao et al., 2016). 

 

The social networking mechanism may influence the motivations for users to contribute. For example, 

having followers may satisfy users' need for recognition (Rui & Whinston, 2012). Moreover, users 

may learn and improve themselves by selectively following other users. Because learning is 

important in knowledge-sharing communities, the role of followings may be prominent in a SQA 

community. 

 

2.2 Effect of Social Ties 

We summarize the effect of social ties by the direction of the tie, because different ties may vary in 

their influence. First, regarding the effect of followers, Goes et al. (2013) proposed the “popularity 

effect”, indicating that as users become more popular, they produce more reviews and more objective 

reviews. From the motivation of receiving attention, Rui and Whinston (2012) suggested that the 

number of followers can stimulate Twitter users to contribute content. Furthermore, Toubia and 

Stephen (2013) determined that the increase in the number of Twitter followers encourages the 

posting activities of unpopular users but discourages those of the popular users. Second, regarding 

the effect of followings, Zeng and Wei (2013) suggested that Flickr users tend to imitate the behavior 

of their followings. Feng et al. (2013) found that the reviews from the followings decrease the review 

probability of a user. By contrast, Moqri et al. (2015) found that new followings increase the 

contribution frequency of a user. 

 

The preceding studies focused on the effect of social ties on the quantity of UGC but did not analyze 

their effect on the quality. Moreover, studies on the effect of followings are limited and inconclusive, 
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thereby deserving further exploration. Furthermore, none of these studies are conducted in the 

context of social Q&A communities. 

 

3. Hypothesis Development 
The number of followers of a user may affect the quality of his/her contributions by exerting 

influence on three types of motivations, namely, self-efficacy, altruism, and recognition. First, the 

increase in the number of followers is a positive feedback that may improve the user's self-efficacy 

(i.e., to feel competent and accomplished). Consequently, the user may be motivated to exert effort 

to polish answers, thereby contributing high-quality content (Moon & Sproull, 2008; Zhao et al., 

2016). Second, the number of followers reflects the expectation of other users to receive beneficial 

information from the user they are following (Goes et al., 2014). If the goal of a user is to share 

content with others (i.e., altruism), then the marginal benefit of contributing would be higher when 

he/she has more followers; hence, users with more followers would be more motivated to contribute 

high-quality content (Toubia & Stephen, 2013). Third, if the motivation of a user is to receive 

community recognition, then the benefit of contributing high-quality answers would decrease when 

he/she has many followers, because this user has already received sufficient recognition (Toubia & 

Stephen, 2013). Accordingly, the user may have limited motivation to exert effort to write a good 

answer. Given the aforementioned reasons, the overall influence of followers is uncertain. 

 

H1a: The followers of a user positively influence the quality of his/her contributions. 

H1b: The followers of a user negatively influence the quality of his/her contributions. 

 

The number of followings of a user may also influence the quality of his/her contributions. According 

to social learning theory, one can learn by observing the behavior of others, which, as a vicarious 

experience, can enhance the self-efficacy and performance of an individual. In a social Q&A 

community, a user can gain vicarious experience by observing the behavior of his/her followings, 

thereby improving his/her self-efficacy. For example, the user may generate new inspiration and 

acquire new expression skills by reading the answers of his/her followings. Moreover, the user may 

understand the type of content that are welcome from the perspective of a reader. In the learning 

process, followings are more effective than strangers because the content from the former is tailored 

to the needs of the user and can be continually pushed to the user (Zeng & Wei, 2013). Therefore, 

 

H2: The followings of a user positively influence the quality of his/her contributions. 

 

4. Method and Results 
4.1 Research Context and Data Collection 

Our data were collected from Zhihu.com. In this community, users can ask and answer questions, 

vote for and comment on answers, write columns, modify questions, and follow other users. We 

randomly selected 1500 users who had contributed at least once from a third-party website that 

recorded the information of Zhihu users. From May to October 2016, we tracked the weekly personal 

information, activities, and social ties of the selected users. Because a few users deleted their profiles 

or did not contribute any new answers, a final data set of 7265 answers from 895 users in 23 weeks 

was obtained. On average, a user had 1328 followers and 120 followings at the beginning of the data 

period. At the end of the period, the average number of followers increased by 67.7% and that of 

followings increased by 22.4%. 
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4.2 Empirical Models and Preliminary Results 

The dependent variable, contribution quality (Qualityi,t), is measured by the average number of votes 

received by the answers written in week t by user i. The research model is written as 

 

, 0 1 , -1 2 , -1 3 , 4 , 5 ,

6 , -1 7 , -1 8 , -1 9 , -1 12 , 13 , 14

* * * * *

* * * * * * *

i t i t i t i t i t i t

i t i t i t i t i t i t i

Quality Follower Following AvgWords AvgPictures AvgLinks

AnsNum QuesNum ColmNum EditNum SelfDisc Gender Weibo

     

      

     

       ,

,

t

i t i te   

 

 

In this research model, the number of ties (Follower, Following) at the end of week t − 1 is used to 

alleviate the reverse causality concern. Control variables include the average number of words, 

pictures, and links (AvgWords, AvgPictures, and AvgLinks, respectively) in the answers written by 

user i in week t; cumulative number of answers, questions, and columns (AnsNum, QuesNum, and 

ColmNum, respectively) that the user had written until the end of week t − 1; cumulative number of 

edits (EditNum) that the user had made to other questions until the end of week t − 1; self-disclosure 

(SelfDisc) degree of user i; gender (Gender) disclosure of user i; and whether the user has a Weibo 

link (Weibo) (Forman et al., 2008). In addition, we controlled for the individual fixed-effects (ui) and 

time effects (et). All the count variables (except SelfDisc, which is not skewed) are log transformed 

due to skewness.  

 

Model 1 of Table 1 shows that followers have a negative effect on the quality of user-generated 

answers, whereas followings have a positive effect (i.e., H1b and H2 are supported). The negative 

effect of followers indicates that the number of followers primarily satisfies the user's need for 

recognition. The positive effect of followings indicates that followings facilitate the learning process 

of the user, and can help improve his/her ability to contribute. 

 

Thereafter, we analyze the effect of pure followers (PFollower) and pure followings (PFollowing) 

by controlling for the number of reciprocal ties (Friend). Model 2 of Table 1 shows that the effect of 

pure followers and followings are significant (i.e., H1b and H2 are supported). Also, we find that the 

effect of reciprocal ties is negative. A possible explanation is that users with reciprocal ties may pay 

considerable attention to social interaction rather than the quality of their contributions. 

 

Furthermore, new ties are often considered to have a larger effect on user behavior than prior ties 

(Goes et al., 2014). Therefore, we compared the effect of new ties (NPFollower, NPFollowing) 

established in week t − 1 and prior ties established before the end of week t − 2. Model 3 of Table 1 

shows that the effect of new ties is insignificant, whereas that of prior ties is significant. That is, 

social ties affect the quality of UGC only after a period of time rather than immediately. 

 

Table 1 Preliminary Results  

 Model 1 Model 2 Model 3 

Followeri,t-1 -0.369*** (0.1156)   

Followingi,t-1 0.142*(0.0844)   

PFolloweri,t-1  -0.267***(0.0754)  

PFollowingi,t-1  0.230***(0.0825)  

PFolloweri,t-2   -0.266***(0.0719) 

PFollowingi,t-2   0.209***(0.0756) 

NPFolloweri,t-1   n.s. 

NPFollowingi,t-1   n.s. 
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 Model 1 Model 2 Model 3 

Friendi,t-1  -0.232***(0.0783) -0.210***(0.0779) 

Controls:    

AvgWordsi,t 0.365***(0.0197) 0.367***(0.0198) 0.365***(0.0198) 

AvgPicturesi,t 0.232***(0.0288) 0.231***(0.0288) 0.231***(0.0288) 

AvgLinksi,t n.s. n.s. n.s. 

AnsNumi,t-1 0.350**(0.1526) 0.378**(0.1534) 0.371**(0.1529) 

QuesNumi,t-1 n.s. n.s. n.s. 

ColmNumi,t-1 n.s. n.s. n.s. 

EditNumi,t-1 n.s. n.s. n.s. 

SelfDisci,t n.s. n.s. n.s. 

Genderi,t n.s. n.s. n.s. 

Weiboi,t n.s. n.s. n.s. 

Intercept n.s. n.s. n.s. 

Number of Obs 7265 7243 7242 

Note: Robust standard errors are reported in parentheses. *** p<0.01, ** p<0.05, * p<0.1 

 

4.3 Robustness Check 

First, a few users are required to modify their answers for violation of community rules. These 

answers are hidden from the public during the modification and may receive only a few votes. After 

controlling for the number of answers being suggested for modification, the main results remained 

stable. Second, the effect of the characteristics of the followings was explored. The average number 

of answers of the user's followings has a positive effect on the quality of his/her contributions (p < 

0.05), whereas the average number of followers does not. This result indicates that the behavior, 

rather than the status of the followings, influences the quality of UGC, thereby adding evidence to 

our hypothesis that users learn from their followings. 

 

5. Conclusion 
The theoretical contributions of this study are as follows. First, the current study enriches the research 

on knowledge-sharing communities (e.g., Ray et al., 2014; Zhang et al., 2016). Our results suggest 

that the number of followers primarily satisfies the motivation of a user to receive recognition and 

diminishes the quality of his/her contributions. Second, the current study contributes to the literature 

on the effect of social ties by proposing the learning effect of the followings (e.g., Zeng & Wei, 2013). 

Our results indicate that followings facilitate the learning process of a user and are effective in 

enhancing the quality of his/her contributions. Third, the present study compares the effect of new 

and prior ties, thereby contributing to the research on the production of UGC (e.g., Goes et al., 2015; 

Toubia & Stephen, 2013). Our result indicates that the social ties of a user can only influence the 

quality of his/her contributions after a period of time rather than immediately. This result provides 

evidence to our hypothesis that followings facilitate learning, because it takes time to learn and use. 

 

The study also offers significant implications to managers of content communities. For example, 

users tend to decrease their effort as they obtain numerous followers. To motivate popular users to 

contribute, the community could provide them with new incentives, such as attending offline 

meetings, holding Zhihu “lives” or publishing e-books. Moreover, followings are important in the 

process of learning. Therefore, showing their activities at the top of the timeline and recommending 

users worth following may facilitate the improvement of the quality of UGC. 
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Abstract 
 

The purpose of this research is to empirically investigate the patterns of physicians’ adoption and 

usage behaviors over time across locations. Based on previous literature,we propose that 

demographic similarity decides the diffusion of online healthcare in the early stage, while 

geographical proximity becomes more important in the later stage. Further, medical resource 

distribution across different location and disease type moderate the effect of demographic similarity 

and geographical proximity on adoption decision. We have collected panel data on personal 

information, historical online activities and online reviews for 24835 physicians in 31cities of three 

provinces of China from a large Chinese healthcare website. We use logit model to analyze doctors’ 

online participation decision. We further use multinomial logit model to analyze the use of three 

healthcare services (namely online consultation, telephone consultation, and free referrals online). 

Homophily effect over time and location are to be reported. 

 

Keywords: online community, homophily, IT adoption, IT usage, healthcare 

 

1. Introduction 
The emergence of online healthcare community is changing how doctors and patients interact which 

in turn generates social value and provides insights for healthcare policy decision making(Bardhan 

et al. 2015, Yaraghi et al. 2015, Goh et al. 2016).  

 

However, the potential of online healthcare can only be realized when doctors actively participate in 

using its variety of services. For medical practices, Yaraghi et al. (2015) develop a model of adoption, 

use and involvement of clinical practices in the coproduction of the Health Information Exchanges 

services. For IT adoption issues, previous literature mainly focus on hospital and physicians’ 

adoption and continued use behavior of health IT such as EMR(Angst et al. 2010, Zheng et al. 2010). 

In face of the high information asymmetry and large amount of medical disputes, online healthcare 

community offers a way for linking historical records, educating patients and improving patient-

doctor relationship. Empirical researches on whether, when, and how physicians utilize these online 

healthcare community services may provide insights for reducing healthcare resource inequality and 

improving healthcare service providers’ job satisfaction.  

 

Online healthcare communities provide an opportunity for physicians to share medical knowledge 

and skills online. However, since physicians’ time and energy are scare resources, they need to 

balance the online and offline workloads. Another issue that physicians need to consider is the 

validity of online reviews which in turn affect their online reputation. Due to the complicated nature 

of medical knowledge and credence good nature of healthcare service, some scholar questioned 

353



  

whether patients’ online reviews can reflect the actual healthcare service quality. Gao et al. (2015) 

find the evidence of a dominant role for the “sound of the silence” effect in regarding to patients’ 

propensity to review online and the presence of hyperbole effect among existing reviews. For cardiac 

surgeons physicians’ ratings on RateMD, Lu and Rui (2014) find that patients are not naiive: they 

know how to use different dimensions(namely helpfulness, knowledge, staff and punctuality) of 

online rating information when choosing a surgeon.  

 

The purpose of this research is to investigate whether strategic behavior of physicians exists in online 

healthcare communities and to figure out the inside rationale. Specifically, we study physicians 

behavior of opening homepages based on which he can choose three different kinds of online services, 

namely online consultation, telephone consultation, and appointments. Research has shown that 

strategic selection behavior is a result of homophily (i.e., a preference for similarity), a concept that 

social scientists have identified as one of the important mechanisms for why people create, maintain, 

dissolve, and reconstitute communication networks(Monge 2003). Homophily helps to build social 

ties, to allure social influence and to accumulate social capital from neighborhood and similar 

partners(Lee and Bell 2013). Typically, homophily refers to demographic similarity(e.g. age, gender, 

education, ethnicity) and geographic proximity. Additionally, Yan et al. (2015) point out that 

firsthand disease experience, which provides knowledge of the disease, increases the probability that 

patients will find experientially similar others and establish communication ties. Choi et al. (2010) 

develop a Bayesian spatiotemporal model to study how demand at Internet retailers is likely to evolve 

not only through time but also over space on zip code level. Results show that geographic proximity 

effect is especially strong in the early phases of demand evolution and demographic similarity effect 

becomes more important with time. Lu et al. (2013) investigate how opinion leadership evolves over 

time in epinions.com.  

 

Using a longitudinal dataset of personal information, historical online activities and online reviews 

for 26499 physicians in 31cities of three provinces of China (Shanghai, Anhui Province, and Ganshu 

Province) from a large Chinese healthcare website haodf, we try to empirically investigate the 

patterns of physicians’ adoption and usage behaviors of online services over time across locations. 

Interestingly, preliminary descriptive statistical analysis shows that doctors in high level hospitals of 

Shanghai are more likely to open blogs, consultation services in spite of the fact that they are busier 

than doctors from Anhui and Gansu provinces. We use logit model to analyze doctors’ online 

participation decision. We further use multinomial logit model to analyze the use of three healthcare 

services (namely online consultation, telephone consultation, and free referrals online). 

Homophily(demographic similarity and geographic proximity) overtime and the evolvement of each 

homphily segment over time are then discussed. Further, the moderating role of medical resource 

distribution across different location and disease type on the effect of demographic similarity and 

geographical proximity on adoption decision are then discussed.  

 

The contribution of our research is that we enrich the homophily lieterature in online healthcare 

community contexts considering physician level similarity over time and locations. Moreover, our 

research contributes to empirically analyzing the social benefits of online healthcare community by 

taking medical resource distribution across location into consideration.  

 

Our research is organized as follows: first, we briefly review related literature on online healthcare 

community, homophily, IT adoption and usage. Second, the context of research and dataset are 

described. Third, a logit regression of doctors’ online participation decision at day level is conducted.  
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2. Literature Review 
2.1 Online Healthcare Community 

Online community members gathered online because of common interests or topics, and they 

conduct social ties by exchanging informational and emotional supports. Online healthcare 

communities can be considered as a special type of online community where patients and doctors 

interact and form social networks.  

 

Scholars have identified the non-monetary motivation of user contribution behavior in online 

communities, such as altruism, product involvement, and self-enhancement(Sundaram et al. 1998). 

Wasko and Faraj (2005) find that reputation and network embeddedness are important motivations 

for contribution. Jones et al. (2004)think that asynchronous virtual services leaves more time to digest 

and reply messages so that they are more popular. Some scholars study the volume, valence, 

variability, linguistic styles of online review and the corresponding impacts on product sales(Basuroy 

et al. 2003, Dellarocas et al. 2004, Zhang et al. 2004). Recently, scholars pay attention to the evolve 

and development of online review over time. Shen et al. (2015) find that reviewers are more willing 

to review popular but less crowded products in order to obtain attention. While reviewers of high 

reputation are more likely to adopt imitation strategy, reviewers of low reputation are prone to adopt 

differentiation strategy. Goes et al. (2014) argue that silent followers are also influential to reviewer’s 

contribution behavior because of Hawthorne effect. 

 

2.2 IT Adoption and Usage in Healthcare 

Healthcare information technology, such as EMR, has the potential to improve healthcare service 

quality. Previous literature are mainly focused on the cost reduction and quality improvement of 

healthcare services. HIT adoption are studied from both the individual level and hospital level. 

Individual level analysis mainly considers social economic characteristics, identity, computer 

experience, privacy, IT resistance, trust, etc. The post adoption behavior of HIT is also of interest. 

Lin et al. (2014) investigated the impact of meaningful use of EMR on healthcare service quality, 

and Kane and G (2011) discussed impact of HIT resistance on medical services.  

 

Institutional level analysis are mainly based on innovation diffusion theory, social contagion theory. 

Angst et al. (2010) analyzed the social contagion effect in EMR diffusion process and find that social 

and spatial proximity have strong effects on contagion process. Peng et al. (2014) emphasized the 

role of knowledge exchange and social contagion in different phases and results show that knowledge 

exchange impacts more in early adoption period, while social contagion impacts in later periods.  

 

However, due to the difficulty of obtaining data, many researches are based on survey or interviews 

from practitioner and hospital level. Little research is conducted from patients or physician level 

using panel data. Moreover, little research considers the dynamic learning, imitation and 

disseminating processes.  

 

2.3 Homophily 

Research has shown that strategic selection behavior is a result of homophily (i.e., a preference for 

similarity), a concept that social scientists have identified as one of the important mechanisms for 

why people create, maintain, dissolve, and reconstitute communication networks(Monge 2003). 

Homophily helps to build social ties, to allure social influence and to accumulate social capital from 

neighborhood and similar partners(Lee 2013). Typically, homophily refers to demographic 
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similarity(e.g. age, gender, education, ethnicity) and geographic proximity. Additionally, Yan et al. 

(2015) point out that firsthand disease experience, which provides knowledge of the disease, 

increases the probability that patients will find experientially similar others and establish 

communication ties. Choi et al. (2010) develop a Bayesian spatiotemporal model to study how 

demand at Internet retailers is likely to evolve not only through time but also over space on zip code 

level. Results show that geographic proximity effect is especially strong in the early phases of 

demand evolution and demographic similarity effect becomes more important with time. Lu et al. 

(2013) investigate how opinion leadership evolve over time in epinions.com. Gu et al. (2014)study 

the degree to which homophily is exhibited in online social media and what can potentially attenuate 

the homophily bias in virtual investment community. Ma et al. (2015) use a specific dataset, the 

purchases of caller ring-back tones from an Asian mobile network, to distinguish latent homophily 

and social influence simultaneously and results show that strong influence effects and latent 

homophily effects exist both in the purchase timing and product choice decisions of consumers.  

 

Physicians can choose to open his homepage based on which they decide whether to conduct online 

activities, such as online consultation, telephone consultation, appointment, writing articles, etc. For 

the three kinds of services in online healthcare community: online consultation, telephone 

consultation and appointment services, online consultation can be asynchronous and cheap, while 

telephone consultation is synchronous and expensive due to the scarcity of time of physicians. 

Whether strategic behavior exists in utilizing these three kinds of services? Since physicians cannot 

interact with each other on many healthcare communities, we decide to analyze homophily that 

drives their social ties and strategic behavior. At early stage of online healthcare community 

evolvement, geography proximity influences the information transition and demographic similarity 

dominates the adopter’s behavior. At later stage of online healthcare community evolvement, the 

demographic similarity of new adopters may be stronger than geography proximity.  

 

Further, taking medical resource distribution into consideration, we propose that new adopters’ 

behavior differ when medical resource levels are unequal. For physicians in high level medical 

resource locations, the effect of geographic proximity on adoption decision may be larger than 

physicians in low level medical resource locations.  

 

Disease type plays an moderating role as well. For physicians in high mortality risk departments, 

effect of demographic similarity on adoption decision may be large r than physicians in low mortality 

risk departments.  

 

Therefore, we propose that: Hypothesis 1 Geographic proximity has a strong effect at early stage of 

online healthcare diffusion, while demographic similarity is more important at later stage. Hypothesis 

2 Medical resource distribution across different location moderates the effect of demographic 

similarity and geographical proximity on adoption decision Hypothesis 3 Disease type moderates the 

effect of demographic similarity and geographical proximity on adoption decision. 

 

3. Research Method 
3.1 Research Setting 

Our data are collected from haodf(www.haodf.com), a Chinese healthcare community for patient-

doctor interactions. haodf, established in 2008, is now one of the five largest Chinese online 

healthcare communities. Users includes 486823 real-name authenticated doctors of 7437 hospitals 

and tons of anonymous patients from almost all provinces of China. This platform offers an 
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opportunity for patients to search doctors, consult doctors(both text and telephone), make an 

appointment with doctor, review doctors, and to show personal gratitude(thank-you letter or virtual 

presents online). Doctors can perceive this platform as both an efficient assistant and a self-marketing 

place. Every doctor has a personal profile and has the right to utilize online consultation, telephone 

consultation, and appointment services after establishing his own blog. The main reason that we 

choose haodf is that it remains all available historical patient-doctor interactions and reviews with 

time axis so we can easily trace back to and luckily patients’ geography information are obtained by 

specific techniques. In China, most of the hospitals are public hospitals with different kinds of levels. 

High level hospitals are equipped with better facilities and bigger capacity in the face of heavier 

demand and more teaching and research works. Multi-site practicing is very difficult because of 

governmental obstacles, so that physicians often work for one public hospital and the reputation for 

hospitals and departments often exceed physicians’ personal reputation for almost the first 8 years 

when a physician graduate from medical school. Therefore, making full use of online healthcare 

communities may pave the way for physician’s self-marketing as well as reputation enhancing.  

 

3.2 Data Source 

We use Python2.7 to crawl all doctor level information, patient-doctor interactions, and patient 

reviews of 26499 doctors of 31 cities of three provinces(namely Shanghai, Anhui, Gansu) of China 

from 2008 March 4th to June 9th, 2016. Considering the most intuitive demand for searching, 

consulting, and making appointments with clinicians, we focus our analysis on clinicians and delete 

those doctors from medical auxiliary departments like radiology department. Since Chinese 

healthcare department names have not been standardized, we tentatively to construct a table to map 

existed department names to unified ones. After excluding physicians who do not provide 

information on work title and teaching title and those with technician qualifications, our final dataset 

includes 24835 doctors with physician qualifications. City level medical resources(e.g. beds, 

physicians)and average income level are collected from Chinese City Statistical Yearbook.  

 

3.3 Data Description 

Doctor level information includes doctors’ demographic information(sex, age, education level), 

geographic information(city), specialty(skills, experience, offline honors), doctors’ online 

activity(opening blogs, patient-doctor interactions(online consultation, telephone consultation, 

making appointments), posting articles for patient education and building self-defined patient groups 

for patient management), and online reputation(haodf honors, hot score). Time of interactions and 

reviews can be specified into seconds. We collect physicians’ personal information from their online 

profiles which include text information on age, sex, title, education level and experience, medical 

training level and experience, honors, affiliated institutions, and researches.  

 
3.3.1 Homepage Adoption 

We use a logit model to predict the probability of participating online.  

Yit it 1Tt 2ageit 3genderi 4educationi 5overseai 6medicaltitlei 

7teachingtitlei 8departmenti 9learderi 10incomeit 11percentGit 12GEi it  

We extract age, education, oversea, medical title, teaching title, leader information from physicians’ 

online profile that physicians are willing to share. Education level educationi includes 4 

categories(namely doctor, graduate, bachelor, else), each of which we convert into dummy variables. 

Physician’s medical title refers to the licensed medical professional title which indicates physician’s 
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competence, experience and reputation. Physician’s medical title medicaltitlei includes resident 

physician, attending physician, associate chief physician, chief physician. Physician’s teaching title 

teachingtitlei refers to the professional level in college evaluation systems, namely assistant 

instructor, instructor, associate professor and professor. departmenti is the affiliated department of a 

physician and we have do some standardization work to map same Chinese departments with 

different names into common names. learder indicates whether a physician is the leader of his i 

department, hospital or practitioner center. Oversea is a dummy variable describing whether a 

physician has been abroad. incomeit is average income level of citizens in a city, which are collected 

from Chinese City Statistics Yearbook. percentGit is the percentage of physicians who open 

homepage services, and GEi , the i th row of inverse distance matrix of cities are used to measure the 

geographic proximity. Our preliminary results show that the percentage of physicians who adopt 

online services in each city is positive related to geographical medical resource and income level. 

We also find that physicians in departments of relative low risk of mortality are more likely to adopt 

online services. The adoption rate decreases in sequence from online consultation (cheap and 

asynchronous), telephone consultation (expensive and synchronous) to free referral (free and 

conversion offline) services. For online usage behavior, the average response interval tends to be 

negatively correlated with physician’s professional title. The adoption behavior among three types 

of services will be modeled using multinomial logit regression. Homophily effect over time and 

location are to be reported. Medical resource distritution and disease type’s effect will be estimated 

by adding interaction terms.  
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Abstract 
 

This study examines how the introduction of sharing platforms affects durable goods purchase. On 

the one hand, the introduction of such platforms may stimulate purchase, as participants of the 

sharing economy may actively invest in these assets to capture the rents associated with these 

platforms. On the other hand, the introduction of such platforms may cannibalize durable goods 

sales, as these platforms offer a lower cost “rental” option in lieu of purchase. In this study, we 

resolve this tension using a unique dataset of new vehicle registrations in China. In particular, we 

exploit the variation in timing of Uber entry across different locations to estimate the effect on 

vehicle purchase. Findings show that Uber entry is associated with a 10%-28% increase in new car 

ownership, suggesting that consumers actively change their stock of held resources to capture 

excess rents offered by these platforms. Theoretical and practical implications are also discussed. 

 

Keywords: Sharing economy, ridesharing, durable goods purchase, difference in difference 

 
1. Introduction 

While the rise of the sharing economy has dramatically changed the way consumers and producers 

of services interact, researchers are scrambling to determine how these platform-enabled businesses 

are affecting behavior at the macro (societal), mezzo (firm), and micro (individual) levels. A host 

of recent research attests to such changes, including an increased access to goods (Fraiberger and 

Sundararajan 2015), strategic changes in the behavior of incumbent firms (Zervas et al. 2017), 

increased asset utilization (Cramer and Krueger 2016), improved public safety (Greenwood and 

Wattal 2017), and changing access to job opportunities (Burtch et al. 2017). Despite this body of 

work, scholars have yet to consider how consumers may update their behavior 

to capture the rents offered by this economy which is projected to grow to $335B by 20259.
 
More 

specifically, does the rise of platforms like Airbnb and Uber affect consumer purchase in the market 

for durable goods? In this study, we focus on one such question: how does the introduction of the 

ridesharing platform Uber affect new car ownership? 

 

Interestingly, the a priori relationship between platform presence and durable goods purchase is far 

from clear (Abhishek et al. 2016; Fraiberger and Sundararajan 2015; Horton and Zeckhauser 2016; 

Jiang and Tian 2016). Unlike traditional product markets, sharing platforms are unique in that both 

the supply side and the demand side are consumers of the durable good. This means that suppliers 

of the good may be actively changing their stocks of the product in order to capture the excess rents 

offered by these platforms. Similarly, the demand side consists of consumers who utilize these 

platforms as an alternative way to consume the product, i.e. “rental” or “temporary ownership.” The 

implication of this unique consumption behavior forms the basis for our question. On one hand, the 

presence of sharing platforms may lead to a cannibalization effect on product sales (Jiang and Tian 

2016). If ridesharing platforms provide efficient and low-cost transportation options (Cramer and 

                                                 
9 http://www.pwc.co.uk/issues/megatrends/collisions/sharingeconomy/the-sharing-economy-sizing-the-revenue-opportunity.html 
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Krueger 2016; Greenwood and Wattal 2017), and freedom from the financial, social, and emotional 

burdens of ownership (Schaefers et al. 2016), they may reduce a consumers’ propensity to own a car; 

the reason being that the individual need no longer subsidize the entire cost of vehicle ownership 

when cheaper transportation options are available. Indeed, the popular press has identified several 

such cases of people opting out of vehicle ownership as a result of ridesharing availability10.
 
On the 

other hand, the presence of sharing platforms may lead to a value enhancement effect (Abhishek et 

al. 2016; Jiang and Tian 2016). As such platforms imbue owners the possibility of sharing excess 

capacity with others to earn additional income (Burtch et al. 2017) and access flexible working 

schedules (Hall and Krueger 2015), consumers may increase their propensity to make durable goods 

purchases while defraying the cost through the platform. 

 

To resolve this tension, we estimate the effect of Uber entry on car purchases using a unique dataset 

on new car registrations in China. We exploit the variation in timing of Uber’s introduction of 

ridesharing service in different cities in China to estimate such an effect using a difference in 

difference technique and a set of robustness checks. Findings indicate that Uber entry is strongly 

associated with an increase in new car ownership, suggesting that the prospect of value 

enhancement effect (i.e., flexible work schedule or earning additional income) through sharing 

excess capacity encourages consumers to own a car. 

 

Several contributions stem from this work. First, it contributes to the emerging literature on sharing 

economy. While recent theoretical work has provided competing views on how sharing platforms 

may affect the ownership of durable goods, this paper is the first study that provides empirical 

evidence of a positive impact on ownership. Second, results suggest that the presence of sharing 

platforms stimulates durable goods purchase by enhancing the value of ownership. Third, this study 

provides implications for manufacturers. Despite concerns that sharing platforms may cannibalize 

sales, our results suggest that such concerns are unfounded. Finally, our study also provides some 

policy implications. Despite the current policy debate regarding the legality issue of sharing 

platforms such as Uber and Airbnb and concerns about the potential negative impacts of these 

platforms, our finding suggests that the sharing economy may create positive societal benefits to 

local markets by stimulating durable goods purchase. Considering other benefits of the sharing 

economy, e.g. higher efficiency, productivity, and public safety, as suggested by prior research 

(Burtch et al. 2017; Cramer and Krueger 2016), policy makers may take into account these positive 

effects on sharing platforms when designing policies and regulations. 

 
2. Context and Data 

To examine the effect of the presence of sharing platforms on durable goods purchase, we leverage 

the entry of Uber, an app-based ridesharing service, into different markets in China between 2010 

and 2015. In this study, we focus on the Chinese counterpart of the discount Uber X service, 

People’s Uber, which was first introduced in Beijing in August 2014. By December 2015, People’s 

Uber had entered 21 cities in China. Among these cities, three cities (Wuhan, Tianjin, and Nanjing) 

first launched the service unofficially, during which the service was only available in limited areas 

of these cities. 

 

To estimate the effect of the introduction of People’s Uber on new car ownership, we construct a 

unique longitudinal data set that contains new car registrations in China from 2010 to 2015, which 

                                                 
10 https://www.apta.com/resources/reportsandpublications/Documents/APTA-Shared-Mobility.pdf 
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give us information on the number of new passenger cars registered for personal use in each 

prefecture-level city by month. During our sample period, seven cities imposed annual quotas to 

limit the number of passenger cars that can be registered. We excluded these seven cities from our 

analysis. 

 
3. Empirical Strategy and Results 
3.1 Difference-in-Difference Model 

To estimate the effect of Uber entry on durable goods purchase in the form of new car ownership, 

we use a difference-in-difference (DID) model. In particular, we use only cities that eventually 

introduce Uber, thereby dramatically increasing the homogeneity of the sample on both observables 

and unobservables (Bapna et al. 2015). Our unit of analysis is the city-month. We specify the DID 

model as follows: 

ln(NumCars)it   i   t   1Unofficial UberEntryit   2OfficialUberEntryit   it  it , ⑴ 

where the dependent variable, ln(NumCars)it, is the natural log of the number of new vehicles 
registered in city i during month t. We use two dichotomous indicators as our primary independent 
variables of interest. UnofficialUberEntryit indicates the soft entry of the People’s Uber service in 
city i in month t. OfficialUberEntryit indicates the official entry of the People’s Uber service in city i 
in month t. In addition, αi represents city fixed effect, and γt represents month fixed effect. To 
account for potential idiosyncratic time trend in each city, we include θi to capture the city-specific 
time trend of city i. To reduce concerns about heteroscedasticity and within-city serial correlation, 
we use robust standard errors clustered at the city level. 

 

Column 1 of Table 1 reports results without controlling for city-specific time trend. As can be seen, 

the official introduction of People’s Uber into is significantly positively correlated with the number 

of new car registrations, suggesting that the introduction of People’s Uber is associated with a 22% 

increase in the number of new car registrations. This indicates that the prospect of value 

enhancement effect (i.e., flexible work schedule or earning additional income) through sharing 

excess capacity encourages consumers to own a car. We find no significant effect of unofficial Uber 

entry on the number of new car registrations. When city-specific time trends are included (Column 

2), we find the similar estimated effect of official Uber entry on car purchase. 

 
3.2 Relative Time Model 

One critical underlying assumption required for the validity of the DID model is that there should 

be no difference in pre-treatment trends across cities that introduced Uber in different times, after 

controlling for city fixed effects and month fixed effects (Bertrand et al. 2002). To validate this 

assumption, we execute the widely used relative time model proposed by Autor (2003). The model 

is implemented by including a series of dummy variables that indicate the relative temporal distance 

(in three-month intervals) between the time Uber is introduced in city i and time t, in addition to 

the absolute month fixed effects. The relative time model allows us not only to test whether there 

is a difference in pre-treatment trends, but also to estimate treatment effects that may vary offer time. 

We specify the relative time model as follows: 
 

ln(NumCars)it   i   t    j PreUberEntryit ( j)  UnofficialUberEntryit 
j 

 OfficialUberMonthit   k PostUberEntryit (k)  it  Xit   it 

k 

⑵ 

where PreUberEntryit(j) is an indicator equal to one if the temporal distance between Uber’s initial 
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entry into city i and month t is j (in three-month intervals).11 
OfficialUberMonthit is an indicator of 

whether Uber officially entered city i in month t. PostUberEntryit(k) is an indicator that equals one if 

the temporal distance between Uber’s official entry into city i and month t is k (in three-month 

intervals). Consistent with prior work, we use the period prior to the first Uber entry as the baseline 

(Autor 2003). We also include Xit, a vector of controls, including annual city-level demographic 

data from China City Statistical Yearbook, and data from the Baidu Index to measure the search 

volume of search terms related to other domestic ride-hailing platforms in China, such as Didi 

Chuxing12, ShenZhouZhuanChe and YiDao YongChe. 

 

Results are reported in Table 2. As we can see in Column 1, if city-specific time trend is not 

controlled, there exists a statistically significant difference in pre-treatment trends. Once we control 

for city-specific time trend (see Column 2), we fail to find a statistically significant difference in 

pre-treatment trends across cities that introduced Uber. Thus, we validate the parallel trend 

assumption of the DID model. Furthermore, we observe a significant increase in the number of car 

registrations immediately after the official entry of People’s Uber, and the positive effect is even 

stronger over time (from 10% to 28%). Column 3 presents the results when additional controls are 

added. Once again, these results provide compelling evidence that the presence of Uber has 

increased consumers’ propensity to purchase new cars in order to capture the excess rents offered by 

these platforms (i.e., value enhancement effect). 

 
4. Robustness Checks and Empirical Extensions 

We conducted several robustness checks. First, we re-estimate the relative time model using the 

number of cars as the dependent variable using a Poisson pseudo-maximum likelihood (PPML) 

estimator (Silva and Tenreyro 2011). Results are presented in Columns 4 and 5 of Table 2 (both 

with and without control variables) and remain consistent. Second, we repeat our analysis using 

data on prior years to check if the change in sales trends is unique to the Uber entry period. The 

estimated coefficients of the placebo treatment variables are statistically insignificant, suggesting 

that the observed real effect of Uber entry is unlikely to be driven by random chance or outliers. 

Third, we randomly shuffle the treatment variables across observations and estimated the DID 

model using the shuffled treatment variables for 1000 times. As expected, a t-test fails to reject the 

null hypothesis that the average estimated effect based on random treatments is statistically different 

from zero. In addition, we also explore conditions under which the effect of Uber entry may vary 

by replicating the relative time model separately for vans and non-van cars, for female and male 

buyers, and for different age groups. Collectively, we still find strong positive effect of Uber entry 

on car sales, and the positive effect is stronger for non-van cars than vans, for males than females, 

and for owners whose age is below 35 or above 55 than middle-aged individuals. 

 
5. Conclusion and Discussion 

In this study, we examine the effect of sharing platforms on durable goods purchase. Using the 

context of Uber’s entry in China, we analyze how People’s Uber, a ride-sharing service, affects new 

car purchases by utilizing a different-in-difference approach. Results suggest that the entry of 

People’s Uber has a significant positive effect on new car purchases, indicating that consumers are 

                                                 
11 For cities that experienced unofficial Uber entry, the initial Uber entry time refers to the unofficial Uber entry time; for other 

cities, the initial Uber entry time refers to the official Uber entry. 

 
12 Including Didi Chuxing, Didi Dache, Kuaidi Dache, and Didi Kuaiche. 

363



  

actively changing their stock of held resources in order to capture excess rents offered by these 

platforms. This study contributes to the emerging literature on sharing economy by empirically 

examining how the presence of sharing platforms affects durable goods market, and the positive 

impact suggests that the presence of sharing platforms stimulates durable goods purchase by 

enhancing the value of car ownership. Despite concerns that sharing platforms may cannibalize 

sales, our results suggest that such concerns are unfounded. This is good news for manufacturers. 

The findings also provide implications for policy makers. Our finding suggests that the sharing 

economy may create positive societal benefits to local markets by stimulating durable goods 

purchase. Hence, policy makers may take into account these positive effects on sharing platforms 

when designing policies and regulations. 
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Table 1 Difference-in-Difference Model 
 

 

 

 

 

 

 

 

 

 

 

 

 

 
 (1) (2) (3) (4) (5) 

Dependent Variable ln(NumCars) ln(NumCars) ln(NumCars) NumCars NumCars 

Estimator OLS OLS OLS PPML PPML 

Pre-Uber-Entry (-8) -0.310* -0.0361 0.0498 -0.0220 0.0733 

 (0.161) (0.145) (0.105) (0.151) (0.109) 

Pre-Uber-Entry (-7) -0.289* -0.0418 0.0195 -0.0351 0.0377 

 (0.153) (0.143) (0.121) (0.145) (0.112) 

Pre-Uber-Entry (-6) -0.299* -0.0809 -0.0421 -0.0654 -0.0225 

 (0.145) (0.134) (0.114) (0.136) (0.105) 

Pre-Uber-Entry (-5) -0.290** -0.109 -0.0810 -0.0773 -0.0453 

 (0.125) (0.0913) (0.0781) (0.0947) (0.0726) 

Pre-Uber-Entry (-4) -0.194* -0.0543 -0.0357 -0.0500 -0.0258 

 (0.0904) (0.0721) (0.0582) (0.0781) (0.0551) 

Pre-Uber-Entry (-3) -0.102 -0.00844 0.00616 -0.00816 0.0127 

 (0.0923) (0.0763) (0.0726) (0.0737) (0.0599) 

Pre-Uber-Entry (-2) 0.0150 0.0657 0.0757 0.0692 0.0802 

 (0.0651) (0.0576) (0.0597) (0.0567) (0.0543) 

Baseline: Pre-Uber-Entry (-1) omitted 

Unofficial Uber Entry 0.176 0.0408 0.0269 0.0190 0.0289 

 (0.133) (0.0890) (0.0810) (0.0917) (0.0794) 

Official Uber Month 0.150** 0.100** 0.0981* 0.0434 0.0502 

 (0.0685) (0.0453) (0.0457) (0.0421) (0.0458) 

Post-Uber-Entry (1) 0.182* 0.105** 0.103** 0.0559 0.0646 

 (0.0851) (0.0474) (0.0431) (0.0377) (0.0502) 

Post-Uber-Entry (2) 0.347*** 0.202** 0.195*** 0.147** 0.148*** 

 (0.115) (0.0874) (0.0487) (0.0715) (0.0468) 

Post-Uber-Entry (3) 0.516*** 0.283* 0.276*** 0.221* 0.216*** 

 (0.166) (0.148) (0.0785) (0.121) (0.0688) 

Post-Uber-Entry (4) 0.373*** 0.178 0.192 0.145 0.152* 

 (0.0966) (0.243) (0.120) (0.198) (0.0914) 

Post-Uber-Entry (5) 0.410** 0.215 0.227* 0.141 0.150 

 (0.154) (0.232) (0.125) (0.197) (0.106) 

Controls No No Yes No Yes 

Observations 1,008 1,008 1,008 1,008 1,008 

R-squared 0.815 0.855 0.861   
Month FE Yes Yes Yes Yes Yes 

City FE Yes Yes Yes Yes Yes 

City trend No Linear Linear Linear Linear 

Note: Robust standard errors clustered at city level in parentheses. Relative time dummies for more 2 years prior to 

Uber entry are estimated but not reported. *** p<0.01, ** p<0.05, * p<0.1 

 (1) (2) 
Dependent Variable ln(NumCars) ln(NumCars) 

Unofficial Uber Entry 0.180 0.181 

 (0.143) (0.143) 

Official Uber Entry 0.217** 0.220** 

 (0.0788) (0.0801) 

Observations 1,008 1,008 

R-squared 0.798 0.850 
Month FE Yes Yes 

City FE Yes Yes 

City trend No Linear 

Note: Robust standard errors clustered at city level in parentheses. 

*** p<0.01, ** p<0.05, * p<0.1 

Table 2 Relative Time Model 
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Abstract 

Many online production communities consist of subgroups that co-exist on the same technical 

platform and serve different interests or purposes. Yet we have limited knowledge of the interplay 

between subgroups and the large community as a whole. How does participation in subgroups affect 

contribution and commitment to the large community? In this paper, we analyze data from 648 

WikiProjects and the archived behaviors of 14,464 member editors to answer the question. Our 

results show that being a member of multiple projects has mixed and largely negative effects. It 

decreases the amount of work editors contribute to both the individual projects and Wikipedia as a 

whole. It reduces one’s likelihood of leaving individual project yet increases the likelihood of 

leaving Wikipedia as a whole. The study advances our knowledge of subgroup dynamics in online 

production communities and the interplay between subgroups and the large community. 

 

Keywords: Online Community, Wikipedia, Contribution, Turnover, Social Media 

 

1. Introduction 

Online production communities play an essential role in today’s business and society. Large crowds 

of volunteers join open collaboration platforms such as GitHub and Wikipedia to create software 

or content used by millions of users (Ren et al. 2016; von Hippel and von Krogh 2003). After more 

than a decade of research, we now have a decent body of knowledge on member motivation, 

member identification, leadership styles, and the dynamic evolution of co-production processes and 

network structures (Faraj and Johnson 2011; Kane et al. 2014; Ren et al. 2012). 

An underexplored question in online production community research is subgroup structures and 

their interplay with the large community as a whole. Online communities often consist of subgroups 

that share both membership and the technical infrastructure (Wang et al. 2013). For example, 

Wikipedia hosts over two thousands projects dedicated to various topics. On one hand, affective 

connection and commitment to a subgroup can strengthen the web of connections tying the member 

to the large community and therefore lead to greater commitment to the large community as a whole 

(Ren et al. 2012). On the other hand, subgroups may compete for members’ attention, which may 

overburden and create tension for members belonging to multiple subgroups (Cummings and Haas 

2012; Wang et al. 2013). It is therefore important to understand how member behaviors in subgroups 

affect their connection to the large community and the degree to which trade-offs manifest between 

subgroup-level and community-level dynamics. 

In this paper, we investigate member contribution and turnover at both the subgroup level and the 

large community level in Wikipedia. We examine subgroup membership and social connections 

both within and outside of the subgroups and how they affect member contribution and turnover. 

We analyze data from 648 WikiProjects and 14,464 individual editors who are members of the 

projects. Our results show that being a member of multiple groups reduced contribution to both 

individual WikiProjects and Wikipedia as a whole. Multiple subgroup membership also reduces 

one’s chance of leaving a WikiProject yet increased one’s chance of leaving Wikipedia as a whole. 
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Overall, the findings highlight critical trade-offs in managing subgroup structures and membership 

overlaps in online production communities. 

 

2. Theory and Hypotheses 
 

2.1 Impact of Concurrent Projects on Member Contribution and Turnover 

Being involved in multiple subgroups within a community affects member contribution. Subgroups 

with member overlaps may compete for scarce resources like members’ time and effort. The amount 

of time spent on one activity is time that cannot be spent on another. Sharing members with other 

subgroups has been linked to difficulty in growing group membership (Wang et al. 2013). Because 

members have limited time to spend on volunteer work overall, splitting their efforts is likely to 

cause decreased contribution for individual subgroups. We thus expect members who are involved 

in multiple projects to contribute less to each subgroup. Reduced contribution for individual 

subgroups does not necessarily mean reduced contribution for the large community. Affiliation with 

multiple subgroups can lead to effective knowledge transfer across the subgroups, and thus make it 

easy for members to simultaneously contribute to multiple subgroups (Cross and Cummings 2004). 

Reduced levels of contribution to multiple projects, when aggregated, may exceed total contribution 

to the large community as a whole. We thus hypothesize: 

H1a. Members who are involved in multiple subgroups tend to contribute less to each subgroup 

but more to the large community as a whole. 

Based on the ecological competition view, being involved in multiple projects increases the demand 

for members’ time and effort and, therefore, may increase one’s likelihood of turnover. An 

alternative view on the effects of multiple group membership is social embeddedness theory 

(Mitchell et al. 2001), which suggests that more investment in a job increases the quitting cost and 

thus reduces the likelihood of leaving the organization (Mitchell et al. 2001). In online communities, 

members who are affiliated with multiple subgroups are more socially embedded within the large 

community, which may reduce their chance of leaving individual subgroups. Similarly, for 

members who are involved in multiple projects, leaving one project doesn’t conclude the person’s 

affiliation with the large community. We thus hypothesize: 

H1b. Members who are involved in multiple subgroups are less likely to leave individual subgroups 

and also less likely to leave the large community as a whole. 

 

2.2 Impact of In-Group Communication on Member Contribution and Turnover 

Members who strongly identify with a group are willing to exert greater effort and make more 

contributions to the group than those who do not identify with the group. This leads to greater social 

integration of members into the group. As members become more active within a group, they are 

more likely to be active contributors and display better performance (O’Reilly et al. 1989). 

Interpersonal relationships are especially important to increase participation and reduce turnover 

intentions in not-for-profit volunteer organizations. Communication with others is an important 

way for members to be socially integrated and feel like an essential part of the group. Social 

integration and frequent communication with members of one’s in-group member is likely to focus 

members’ attention on the group goals and needs, and thus increase their contributions to the group 

and reduce their likelihood of leaving the group (O’Reilly et al. 1989). We thus hypothesize: 

H2a. Members with a high-level of in-group communication tend to contribute more to the 

subgroup and more to the large community as a whole. 
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H2b. Members with a high-level of in-group communication are less likely to leave the subgroup 

or the large community as a whole. 
 

2.3 Impact of Out-Group Communication on Member Contribution and Turnover 

Communication may occur internally within subgroups or externally across subgroups within a 

large community. Internal and external communication may have different effects on individual 

behavior. On one hand, an individual’s connections with external groups have been shown to 

improve contribution due to access to novel and relevant information (Cross and Cummings 2004). 

On the other hand, social networks research has shown that employees or community members who 

are on the outskirts of groups and have strong external connections are more likely to leave 

(McPherson et al. 1992). When members have many ties or frequent communication with those 

outside of a group, they are more likely to be pulled away from the focal group. 

H3a. Members with a high-level of out-group communication tend to contribute less to the 

subgroup yet more to the large community as a whole. 

H3b. Members with a high-level of out-group communication are more likely to leave the subgroup 

and the community as a whole. 

 

3. Methods 

 

3.1 Research Setting 

Our research setting is Wikipedia and WikiProjects. Wikipedia is a free online encyclopedia that 

anyone can edit. A WikiProject is “a group of contributors who want to work together as a team to 

improve Wikipedia. These groups often focus on a specific topic area (for example, women’s 

history), a specific location or a specific kind of task (for example, checking newly created pages)”. 

Since 2002, more than 20,000 Wikipedia editors have joined over 2,000 projects. Members may 

choose to join or leave a project by adding or removing their names on the project’s member list. 

The main page of a WikiProject typically includes a brief description of the project and its scope, a 

list of project members, guidelines, and tasks that require member contribution. We chose to study 

WikiProjects because they are subgroups within the Wikipedia community and have clearly defined 

goals and boundaries, which allows us to measure contribution and turnover. 

 

3.2 Data and Variables 

The dataset is extracted from the January 2008 dump of the English Wikipedia, which includes the 

full text of all pages and their complete edit histories from the creation of Wikipedia to the end of 

2007. We chose our sample project by including only topical projects (thus excluding projects such 

as WikiProject Citation Cleanup) and excluding projects that had not grown to have at least three 

members, projects that do not have a member list to track membership, and projects whose scopes 

could not be estimated using categories. Our final data set has 648 WikiProjects and 14,464 

individual editors. We determined each WikiProject’s membership and scope following the 

approach in Chen et al. (2010). We used projects’ member lists to identify members of each 

WikiProject. We considered an editor to have joined a project when her username appeared on the 

member list and to have left when her username was removed or contribution stopped. We 

constructed a longitudinal dataset. The level of the analysis is therefore project individual quarter, 

with quarters nested within individuals and individuals nested within projects. Within each project, 

each quarter is a 90-day period in a project’s lifespan, with the first quarter beginning immediately 

after its creation date. In total, we had 85,105 project individual quarters. 
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3.3 Dependent Variables 

Project-Level Contribution: We measured an editor’s project-level contribution as the number of 

edits performed by the editor on articles within the scope of the WikiProject in the current quarter. 

Project-Level Turnover: We measured an editor’s project-level turnover as a binary variable, i.e. 

either 1 or 0. The variable is 1 if and only if the editor was an active member of the project in the 

current quarter, but removed her username from the project member list or stopped contributing 

within the scope of the project by the end of the next quarter. We considered a member to be active 

if the person had at least one edit during that quarter to any of the following: an article within the 

project scope, the talk page of such an article, any project organization page, or the user pages or 

user talk pages of another project member. 

Wikipedia-Level Contribution: We measured an editor’s Wikipedia-level contribution as the 

number of edits performed by the editor on any and all Wikipedia articles in the current quarter. 

Wikipedia-Level Turnover: We measured an editor’s Wikipedia-level turnover as a binary variable, 

i.e. either 1 or 0. The variable is 1 if and only if the editor had performed at least one edit in Wikipedia 

during the current quarter but made no edits in Wikipedia in the subsequent quarter. 

 

3.4 Independent Variables 

Concurrent Projects: We measured an editor’s concurrent projects by the total number of projects 

of which the editor is currently listed as a member. A higher number means that the editor is 

involved in more projects at the same time. 

In-Project Communication: We measured an editor’s in-project communication by the number of 

edits that other members of the project have made to the editor’s user page and user talk page. We 

only counted edits by others on the editor’s pages, not the editor’s own edits because: (1) strong ties 

tend to be reciprocal, so the amount of inbound communication to an editor should be a good 

measure of how socially integrated the editor is; (2) it is easier to track one user page than two. 

Out-Project Communication: We measured an editor’s out-project communication by the number 

of edits that nonmembers of the project have made to the editor’s user page and user talk page. 

 

3.5 Control Variables 

Tenure: We measured an editor’s tenure by how long the editor had been a member of Wikipedia, 

that is, the number of days elapsed from a member’s first edit in Wikipedia to the end of a quarter. 

Tenure Dissimilarity: We measured an editor’s tenure dissimilarity from the rest of the project 

members using Euclidian Distance as follows (Wagner et al. 1984), where Si is tenure for the editor 

in question, Sj is the tenure of the j-th member in the project, and n is the total number of members 

currently in the project. 

 
 

Past Contribution: We measured an editor’s past contribution as the total number of edits 

performed by the editor on articles within the scope of the WikiProject before the current quarter. 

Quarter Index: The index of time within the project was measured in quarters starting with quarter 

0 from the moment the project is created until the last full quarter before the end of 2007. 
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Project Scope: Measured as the number of articles falling under the project scope. Project 

scope was determined using the same approach as Chen et al. (2010). 

Project Size: Measured as the number of project members during the current quarter. 

 

4. Results 

Because our data is nested by nature, we analyzed the data using Hierarchical Linear Models 

(HLM) (Bryk and Raudenbush 1992), using the lmer function in R. We log-transformed 

variables that were highly skewed and standardized all independent and control variables for 

ease of comparing coefficients. We examined Bayesian Information Criterion (BIC) to assess 

model fit because it punishes models with a large sample size and a large number of 

parameters (Burnham and Anderson 2004). A deviance greater than 10 suggests a better model 

fit. 

Table 1 shows our main results. H1a and H1b received mixed support. As predicted, members 

who belonged to more projects contributed less to individual projects than members who 

belonged to fewer projects (-0.287, p < .01). Contrary to our prediction, members who 

belonged to more projects contributed less, not more, to Wikipedia (-0.116, p < .01). As 

predicted, members who belonged to more projects were less likely to leave any individual 

project (0.108, p < .01), but contrary to our prediction, they were more likely to leave 

Wikipedia as a whole (0.034, p < .01). 

H2a and H2b were supported. Members who had more within-project communication 

contributed more edits than those who had less within-project communication (0.611, p < .01 

for project and 0.29, p < .01 for Wikipedia) and they were also less likely to leave both the 

WikiProject (-0.042, p 

< .01) and Wikipedia as a whole (-0.047, p < .01). Contrary to H3a, members who 

communicated more with editors outside of the project contributed more, not less, than those 

who engaged in less out-project communication and this was true for both project-level (1.006, 

p < .01) and Wikipedia level contribution (2.39, p < .01). They were, however, more likely to 

leave both the local project (0.35, p < .01) and Wikipedia as a whole (0.188, p < .01). 

Table 1. Predicting Member Contribution and Turnover 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Note: 
** 

p < .01, 
* 
p < .05, 

+ 
p < .1 

There are some interesting effects of the control variables. Tenure reduced project-level 

Variables Project-level 

Contribution 

Project-level 

Turnover 

Wikipedia-level 

Contribution 

Wikipedia-level 

Turnover 

Intercept 2.151
**

 - 2.981
**

 5.343
**

 - 5.495
**

 

Quarter - 0.191
**

 0.473
**

 - 0.567
**

 1.236
**

 

Project size - 0.216
**

 0.104
*
 0.254

**
 - 0.122 

Project scope 0.464
**

 - 0.111 0.127
**

 - 0.446
**

 

Tenure -0.165
**

 - 0.129
**

 0.024
*
 - 0.073

**
 

Tenure dissimilarity 0.085
**

 0.108
**

 0.029
*
 0.079

**
 

Past contribution 0.596
**

 0.362
**

 0.113
**

 0.133
**

 

Concurrent projects - 0.287
**

 - 0.061
**

 - 0.116
**

 0.034
**

 

In-project communication 0.611
**

 - 0.042
**

 0.29
**

 - 0.047
**

 

Out-project communication 1.006
**

 0.35
**

 2.39
**

 0.188
**

 

BIC 317209 56144 347630 53816 
Deviance 35867

**
 1398

**
 57519

**
 565

**
 

N 85105 65393 85105 65393 
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contribution yet increased Wikipedia-level contribution. Tenure reduced turnover at both 

levels. Tenure dissimilarity increased contribution at both levels and also increased turnover at 

both levels. 

Members whose tenure differed from the rest of their project contributed more edits than those 

with similar tenure and were more likely to leave both the project and Wikipedia as a whole. 

Members who had contributed more edits in the past continued contributing more to both their 

local project and Wikipedia. Meanwhile, they were also more likely to leave the project and 

Wikipedia as a whole. In addition, project attributes matter a well. As projects aged, their members 

contributed less and were more likely to leave. In projects with a larger scope, their members tended 

to contribute more and were less likely to leave Wikipedia than members of projects with a smaller 

scope. Members of projects with more total editors tended to contribute less to the project but more 

to Wikipedia as a whole and they were more likely to leave the projects. 

5. Conclusion 

Our study highlights several critical trade-offs managing subgroup structures in online production 

communities. Participation in multiple subgroups can have unintended negative consequences both 

at the subgroup level and at the large community level. Future research should explore possible 

interventions to promote synergy across subgroups and mitigate the negative impact. 
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Abstract 

 

In this research, we analyze over one million online physician reviews to examine the role of 

operational efficiency on patient satisfaction. We capitalize on this abundant, real-time data source 

and new analytics techniques. Our results suggest that long waiting time negatively influences 

patient satisfaction. In addition, long waiting time negatively moderates the effects of other 

healthcare dimensions on the overall satisfaction. We draw from patient-centered, paradoxical 

tensions and ambidexterity theoretical frameworks and suggest that developing a well-planned post-

visit follow-up capability can mitigate the negative patient satisfaction experienced by long waiting 

time. We discuss the implication of the results.  

 

Keywords: online patient review, patient satisfaction, waiting time, healthcare IS 

 

 INTRODUCTION 

Health care today demands more patient-centered health care system. A patient’s perception 

of health care quality, or experiential quality, is increasingly becoming important to understand and 

measure (Chandrasekaran et al. 2012, Bloom 2002), and patient satisfaction has been a subject of 

great interest in examining a patient’s perception of health care offered by a provider. Among a wide 

range of measures that are important to patient satisfaction, three major dimensions – technical care, 

interpersonal care, and operational efficiency (herein referred to as health care dimensions) – play 

a key role in patients' perception (Sofaer and Firminger 2005). Recent research has enhanced our 

understanding of the multi-dimensional perspectives of technical care and interpersonal care (Boyer 

et al. 2012, Chandrasekaran et al. 2012); however, there is dearth of empirical research examining 

operational efficiency dimension or the interplay with technical care or interpersonal care dimension 

and their collective impact on patient satisfaction. For example, how does patient waiting time (an 

operational efficiency factor associated with a negative effect) impact patient satisfaction when a 
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physician spends a great deal of time explaining and educating a patient about a condition (an 

interpersonal care factor associated with a positive effect)? 

Unfortunately, prior literature examining patient waiting time and satisfaction offers mixed 

findings. In the context of emergency departments or inpatient settings, increased patient waiting 

time resulted in low patient satisfaction (Haraden and Resar 2004); in the context of primary care or 

outpatient settings, many studies found no or weak association between patient waiting time and 

patient satisfaction (McCarthy 2000). Gaining an understanding to this ever-important dilemma is 

significant for at least two reasons. First, improving health care and operations management requires 

an understanding of the fundamental tradeoff between provider utilization and patient waiting time 

(Robinson and Chen 2011). Second, any negative experience arising from service delivery 

inefficiency may erode or negate the positive receptions experienced during a patient’s engagement 

with a provider (e.g., despite an accurate diagnosis, a lengthy wait time may result in low satisfaction). 

The source of this dilemma stems from a competing resource – a physician. 

 

To date, few OM/IS research has examined the impact of online reviews despite the 

increasing number of patients seeking information about health care. We, therefore, analyze OM 

characteristics embedded in comprehensive online physician reviews by examining both qualitative 

narratives and quantitative physician ratings from a patient’s perspective. We further explore the 

associations among technical and interpersonal care, operational efficiency, post-visit follow-up, and 

patient satisfaction with a particular interest in mitigating negative impacts experienced during an 

encounter13. We employ machine-learning methods to extract latent factors in the textual reviews 

and show that operational efficiency issues account for more than sixteen percent of the narratives. 

In addition, our econometrics models show that operational efficiency measure (waiting time) 

negatively impacts patient satisfaction. Waiting time also negatively moderates the positive effects 

observed between technical and interpersonal care with that of patient satisfaction. However, our 

analysis reveals a positive and significant interaction effect between waiting time and post-visit 

follow-up suggesting that posit-visit follow-up is an effective strategy to managing the perceived 

negative patient satisfaction resulting from waiting time. 

 

The goal of this study is to develop and test a patient-centered integrated model of patient 

satisfaction. To the best of our knowledge, our study is the first to examine health care patient 

satisfaction using online patient generated content – a response to a call for health care research 

incorporating UGC and social media data (Chan et al. 2016, Abrahams et al. 2015, Chen et al. 2015, 

Tang 2015, Gu and Ye 2014). Moreover, unlike prior studies with very limited sample sizes (e.g., 

López et al. 2012), our unique dataset contains 1.2 million reviews spanning across seventeen 

medical specialties represented by patients from all fifty states in the U.S. We further ground our 

work in paradoxical tensions and ambidextrous capability theoretical lenses and use multi-method 

approaches (e.g., machine-learning, econometrics) to show the collective impact health care 

dimensions and post-visit follow-up strategy have on patient satisfaction. In the next section, we 

review prior literature and develop hypotheses. Methods and analytical approaches are then 

presented along with our analyses and results. Finally, we draw implications for research and practice 

and end with concluding remarks.  

                                                 
13 In a health care context, an encounter is defined as a person-to-person interaction between the patient and the 

medical provider who is responsible for diagnosing and treating the patient. 
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EMPIRICAL METHODS 

Organization and data 

We collect physician review data from Vitals (http://www.vitals.com) using a web crawler. 

Vitals is a leading online physician review website in the United States. Its popularity stems from 

their management practices to ensure their data is reliable and meaningful, including a minimum 

requirement that a physician must be board certified, a review process for “posting” or “removing” 

content based on authenticity and appropriateness, and limiting to one review submission over a 30-

day period. Another practice, anonymous reviews, not only protects the privacy of its reviewers but 

also allows more meaningful and candid reviews. 

Our dataset represents a more comprehensive sample compared to prior studies and allows 

us to carry out a large-scaled inference on the impact of operational efficiency. It contains 1,560,639 

reviews on 1,286,648 physicians, covering all 50 states of the U.S. and spanning across 60 medical 

specialties. Each patient review consists of information on the overall rating of the physician, aspect-

specific ratings, a textual comment, and reported waiting time. Physician information includes 

physician’s name, address, specialty, and years of experience. Rating information includes the 

overall Patient Satisfaction and six aspect-specific ratings based on a 7-point Likert-scale from 1 to 

4, in 0.5 step increments. The six aspect-specific ratings are medical care (Accurate Diagnosis), 

interpersonal care (Courteous Staff, Ease of Appointment, Spends Time with Me, Bedside Manner), 

and post-visit care (Post-visit Follow-Up). A patient can also leave a textual comment that 

qualitatively describes the encounter in more detail. Finally, the Waiting Time is a unique measure 

on Vitals -- it enables us to assess the direct and indirect impacts of waiting time on patient 

satisfaction.  

Table 6 Summary Statistics for Physicians 
 

Median Mean Std.dev Min Max 

Years of experience 22 22.67 10.40 1 50 

Overall Rating 3.5 3.24 0.69 1 4 

Number of ratings 7 13.04 38.82 1 1447 

Number of reviews 3 4.43 6.28 0 352 

Avg waiting 

(minutes) 

17 20.26 12.68 5 60 

Ease of appointment 3.5 3.32 0.66 1 4 

Courteous staff 3.5 3.31 0.70 1 4 

Accurate diagnosis 3.5 3.31 0.75 1 4 

Bedside manner 3.5 3.27 0.79 1 4 

Spends time with me 3.5 3.27 0.78 1 4 

Follows up after visit 3.5 3.20 0.82 1 4 

Population 13600 14900 58900 100 16900000 

Income ($1000) 61.58 83.30 72.72 14.10 1149.29 

 

We aggregate the data to physician level by taking the average of all numeric information. 

The aggregated results are also displayed on a physician’s profile page. Therefore, it captures the 

overall experience the reviewers have with the physician; it also represents what new patients see 

when seeking medical resources online. After aggregation, 272,268 physicians, or 17.4% of total 

sample, have non-missing values on patient satisfaction, six aspect-specific ratings, waiting time, 
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and textual reviews. We proceeded our analyses with this subset of data and later demonstrate that 

selection bias is unlikely an issue.  

The patients evaluate physicians both qualitatively and quantitatively. Since prior literature 

on online word-of-mouth suggests that both type of information are critical for understanding patient 

experience, we employ a two-stage analysis to understand operational efficiency’s impact. First, we 

use Latent Dirichlet Allocation (LDA) (Blei 2003) to quantify the textual portion of patient reviews 

by estimating a set of topics that patients comment on. Our results indicate that operational efficiency 

emerges as a clear concern of the patients. Second, we estimate a set of regression models to examine 

the direct impact of waiting time on patient satisfaction, and how it interacts with other aspects of 

the experience.  

 

Regression Models 

We now specify regression models to estimate the effects of waiting time. The dependent 

variable is the average overall satisfaction ratings for physicians. The key independent variable of 

interest is the average waiting time reported by patients. In addition, we have several other physician 

level aspect ratings reported by patients: Accurate diagnosis, Ease of appointment, Courteous staff, 

Bedside manner, Spends time with me, and Follows up after visit. We use several control variables 

including years of experience of the physicians (Years_of_exp), number of ratings (N_ratings) and 

number of reviews (N_reviews) for each physician. Lastly, we control the population and mean 

income of the physician’s zip code from the Statistics of Income data provided by Internal Revenue 

Service. We also include topic proportions from textual comments estimated by LDA as covariates.  

To control the confounding factors that could potentially contribute to patient satisfaction, 

we construct five sets of control variables: 1) physician-related, 2) patient-related, 3) review-related, 

4) location-related and 5) cost-related variables. Our baseline model is as follows. 

 

Ratingsi =  β0 + β1Ln(WaitingTimei) + γItemizedRatingsi + ρΓi + μi, 

 

where Ratingi is the average overall rating for physician i, WaitingTime is the average waiting time, 

ItemizedRatings is a vector of other rating measures reported by the patients, and Γ represents the 

vector of our control variables. We use a logarithmic transformation on WaitingTime for two reasons. 

First, waiting time is highly skewed in our dataset, a log transformation makes it more approximately 

normal without losing its linear properties. Second, a log transformation brings WaitingTime to a 

similar scale with our dependent variable, which makes the regression coefficient more interpretable. 

Effects of Operational Efficiency on Patient Satisfaction. 

 RESULTS 

Our baseline results on patient satisfaction are presented in Model 1 columns of Table 2. 

Model 2 includes all the control variables and has consistent results. We find that both technical 

quality and interpersonal quality measures are highly significant contributors to patient satisfaction. 

Waiting time, as expected, is negatively associated with patient satisfaction (β = -0.024, p<0.001). 
Notice that our latent variables, mined from the patient textual reviews for each physician, represent 

the average mixture % for the corresponding topics, and therefore serve as indirect controls of the 

topics. For example, Medical Condition is negatively associated with patient satisfaction from both 

Model 1 and Model 2. While there is no way to know how severe the medical condition really is, we 

have controlled for reviews that have a similar level of focus on medical conditions, and find that the 
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more the review content is related to medical conditions, the lower the satisfaction rate for the 

physician. 

To address this problem, we use a Hausman test to check the exogeneity of our model. Our 

results from the test show that we cannot reject the null hypothesis that waiting time is exogenous 

(χ2 (30) = 0.29). Specifically, we adopt three instrumental variables (IV) that are correlated with 

waiting time but unrelated with patient satisfaction. The first IV is constructed as the average waiting 

time with all physicians that belong to a different medical specialty within the same zip code. The 

second IV represents the scarcity of physicians, which is the ratio of number of physicians in the 

same medical specialty in the same zip code to the population in that zip code. The third IV is the 

road density (i.g., total length of road/area) at the zip code level, assuming that the higher the road 

density, the more potential traffic delays for the patients and thus longer waiting time for other 

patients. The road density data is obtained from StreetMap TM, ESRI ArcGIS 10 Data and Maps. 

To the extent that the potential sample selection bias could be treated as a form of omitted variable 

bias that may cause endogeneity (Heckman 1979), our results from the Hausman test using three 

different IVs suggest that sample selection bias is not a problem in making our causal inferences. 

Table 2 Analysis of Waiting Time on Overall Rating 

Independent Variables 
Model 1 (Baseline ) Model 2 

No Adjustments He + Cluster He + Cluster 

  Coef 
Std. 

Err 
Coef 

Std. 

Err 
Coef 

Std. 

Err 

• Operational Quality 

      Log(Waiting Time) 

-0.024*** 0.001 -0.023*** 0.002 -0.025*** 0.002 

      Log²(Waiting Time) -  -  - -  -0.016*** 0.002 

• Technical Quality 
      

      Accurate Diagnosis     0.224*** 0.003 0.217*** 0.003 0.214*** 0.003 

• Interpersonal Quality 
      

      Courteous Staff        0.046*** 0.002 0.033*** 0.002 0.031*** 0.002 

      Ease of Appointment    0.018*** 0.002 0.014** 0.002 0.014*** 0.002 

      Spends Time with Me    0.122*** 0.004 0.118*** 0.004 0.118*** 0.004 

      Bedside Manner        0.296*** 0.004 0.282*** 0.004 0.281*** 0.004 

Physician-related Controls            

Year of Expr    -0.001*** 0.000 -0.001*** 0.000 

Operations (Latent)    -0.286*** 0.006 -0.285*** 0.005 

Medical Specialties    *** *** *** *** 

Patient-related Controls            

Medical Condition (Latent)    -0.119*** 0.004 -0.120*** 0.005 

Family Members' Expr 

(Latent) 
   -0.065*** 0.004 -0.063*** 0.004 

Review-related Controls            

# of Ratings    0.001*** 0.000 0.001*** 0.000 
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Abstract 
 

As online games become one of the most popular Internet services, cheating has also emerged as 

a noticeable and important phenomenon in recent gameplay on the Internet. In regards to this 

potential threat, game companies focus on their efforts to protect their game from unauthorized 

acts throughout hacking tools under the assumption that the use of hacking tool could be 

particularly harmful for success of games. However, we present the usage of hacking tool causes 

an 102% and 79% increase in playtime and purchase respectively right after users start to use 

hacking tools. Also, the effects of hacking tools are not just short term. We show it is possible  that 

cheaters can provide an online game company with more leverage and loyalty in aspect of playtime 

and purchase. This is exactly a contrary result to the conclusions of numerous previous studies on 

piracy on digital contents. 

 

Keywords: Online Game, Cheating, Security, Hacking Tool, User Behavior 

 
1. Introduction 
This study is on a problem of cheaters that a Korean game company faces. The game company of 

this research has provided MMORPG service for game users for ten years. The game users grow 

their avatar and make money that is needed for game playing by doing time consuming activities 

such as battles with monsters. If the players purchase items in games by using their cash, it  makes 

the users save time by making their avatar get stronger easily. Players can enjoy the game for free 

but the game companies earn profits by selling such cash items to the users who are willing to pay 

more for advantages in the game. 

The company faced that revenues of the game have decreased for the last two years. They 

suggested that one of the reasons is the existence of cheaters but it was not sure if the hypothesis 

is correct or not. Cheaters mean that one user logs in several IDs at the same time, and 

automatically make their avatars go for battles by using hacking tools. Generally, in order to make 

their avatars get stronger and make money, game players need to buy cash items or do battles by 

spending their time. However, if they use hacking tools, they can automatically make their avatars 

go for hunting and make money even when the users are asleep. As a result, it might be unnecessary 

for the game players to buy cash items to make their avatar become stronger. Even though the 

game company is aware of the existence of cheaters, they cannot make a decision if they have to 

ban the cheaters. The reasons are 1) they cannot identify who  the cheaters are, 2) they cannot 

know whether the existence of the cheaters actually have an influence on their revenues. Cheating 

repeatedly occurs in most multiplayer online games, but it is hard to measure (Pritchard, 2000). 

Moreover, it is difficult to conduct data analysis using game data sets because the data is not stored 

systematically. Most companies tend to design their database not for efficient data analysis but for 

their optimized operation of game. Consequently,  it is important to conduct data analysis using 

limited data sets in the game industry. 

In this research, we identified cheaters and measured impacts of them using just simple and basic 
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information such as users’ ID, playtime, and item purchase collected from a Korean online game 

company. With respect to identifying cheaters, we used algorithms named DTW (Dynamic Time 

Warping) and JWD (Jaro–Winkler distance). We also measured effects of hacking tool usage using 

pseudo experiment which is composed of DTW and DND (Difference in Difference). As a result, 

there are 0.25% of cheaters and they hold approximately 12% of revenue. Furthermore, the usage 

of hacking tool causes 102% and 79% increase in playtime and purchase respectively right after 

users start to use hacking tools. According to additional analysis, it is shown that the positive 

effects of hacking tools are not just short-term. Our granger causality test also reveals that cheating 

users’ activity does not affect other normal users' purchases or playtime. 

 
2. Literature Review 
The majority of existing studies related to cheating behaviors in online games examine the 

taxonomies of cheating behaviors. Most of these studies focus on defining and  classifying various 

cheating behaviors with specific criteria. (Duh & Chen, 2009). Another major stream of the 

literature is about defense techniques against cheating behaviors. Speaking of the studies on 

protection techniques, diverse methods which can defend online game security from cheating 

activities have been suggested, including a guideline (Jeng & Lee, 2013), algorithm design (Mönch 

et al., 2006) and framework for modeling (Ferretti, 2008). 

However, while there is a number of literature in the context of online game cheating, there has 

been little rigorous research to analyze whether, and how much, online game cheating affects firms’ 

sales and users’ behavior. What was worse, most of the research in literature assume that cheating 

always has a negative effect on online games without any empirical background. We suppose that 

the reason why numerous previous studies believe those propositions is that they applied results 

from other close domains to online games. One of the literature closely related with online game 

cheating is piracy on digital good market. 

With respect to piracy on digital good market, a large number of research argue that piracy has a 

negative effect on legitimate sales of digital contents. Ma et al. (2011) find out that pre-release 

movie piracy leads to a 19.1% decrease in box office revenue in comparison with piracy that occurs 

post-release. Hennig-Thurau et al. (2007) discover that movie piracy gives rise to substantial 

cannibalization of theater visits, DVD purchases and rentals responsible for yearly revenue losses 

of $300 million. Rob and Waldfogel (2007) present that the first piracy on movie consumption 

decreases legitimate consumption by about 1 unit. 

According to the results of literature on piracy on digital contents such as movie and broadcasting, 

illegal consumption of contents has a negative effect on legitimate sales in most cases. However, 

piracy on digital contents and cheating in online games have obvious different characteristics 

among them. We are not assured that the results of previous research on digital good consumption 

can be applied to online game cheating cases directly. For this reason, we believe that our research 

contributes to the growing academic literature on impacts of cheating behaviors in online games. 

 
3. Method 

 

3.1 Second-level Headings 

In this study, we chose to use rule-based method over data mining-based method requires enough 

data quality and quantity (Phua et al., 2010). One of our goals in this study is to develop methods 

for game companies even if they have little data. For this reason, we chose a rule-based approach. 

We found that cheaters of this game log in a number of different IDs and use various avatars at the 
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same time by using hacking tools. The reason why the game users use different IDs is that the 

hacking tools have functional limitations. In MMORPG, the users must win much stronger 

monsters in order to gain better rewards. However, if hacking tools are used, it is much harder to 

beat stronger monsters because the hacking tools cannot respond diverse situations as humans do. 

Therefore, in order to fight with stronger monsters, the game players use a way of cooperating 

with many different avatars by using different IDs. This type of cheating is commonly found in 

other online games, too. 

In this study, we made a rule in order to identify cheaters by using distinctive characteristics of 

cheaters. For example, if a cheater uses different IDs, these different IDs show extremely similar 

playtime patterns. Figure 1, 2 and 3 below show different playtime patterns of the game users. In 

the figures, x-axis means each month and y-axis is the sum of playtime in the month. 

 

 

Figure 1. Each Playtime Pattern of 20 Users Who Have the Same Playtime on Average 

 

Figure 1 displays playtime patterns of 20 different users who have the same playtime on average. 

We can find that each of the users has extremely diverse playtime patterns and those playtime 

patterns barely overlap one another. 

 

  

Figure 2.   Playtime Patterns of Normal Users (left) and a Cheater (right) 

 

The left graph in Figure 2 shows playtime patterns of two different users who have the same 

average playtime. Generally, users who do not use hacking tools show such different playtime 

patterns. The right graph in Figure 2 represents playtime patterns of one cheater who uses two 

different IDs at the same time. 

We used DTW (Dynamic Time Warping) method in order to capture the playtime patterns of 

cheaters. Dynamic time warping (DTW) is a lot more robust distance measure for time series, 

permitting similar shapes to match although they are out of phase in the time axis. (Keogh and 

Ratanamahatana, 2005). In other words, it can be used to calculate the distance between two 

different time-series data (Berndt and Clifford, 1994). The degree of differences between two 

time-series graphs can be represented numerically by using DTW. For example, in Figure 2, the 

DTW score of two different users who have similar playtime on average is 61,899 which is 

relatively high. However, the DTW score of two different IDs which are owned by one cheater is 
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only 4,197. 

  

Figure 3.   Various Playtime Patterns of Cheaters 
 

Also, we calculated and compared DTW scores between different IDs every month in order to 

identify diverse types of cheaters such those who use hacking tools for a certain period of time 

only and who add new IDs in the middle of game playing with existing IDs (see Figure 3). 

We set another rule which can complement the DTW score. As seen in Figure 3, cheaters tend to 

use similar IDs because it is easy to memorize. For example, they make many IDs by changing 

additional numbers based on same characters such as ‘blue838’ and ‘blue83’. We used those 

characteristics when DTW scores could not assure whether some particular IDs are owned by  one 

cheater or not. 

We used an algorithm named JWD (Jaro–Winkler distance) to compute similarities between IDs. 

Jaro-Winkler distance is a measure of similarity between two strings and is designed and well-

fitted for short strings such as person names (Winkler, 1990). Because IDs are composed of short 

strings, JWD is an appropriate way to calculate distances between IDs. 

Even though JWD scores between IDs are not a perfect rule which can identify cheaters but it is 

quite useful in aspect of practical usage. From results of analysis that we performed, we can 

identify more than 70% of cheaters by calculating similarities between IDs. However, although 

JWD analysis is a good method for cheating identifications especially for multi-ID usage, there  

is a critical reason why this method cannot be used alone. JWD analysis tends to misidentify 

normal users as cheaters if it is used alone. For this reason, this method is best suited for 

complemental ways to identify cheaters. In this context, we used JWD analysis when we roughly 

choose and guess cheater group before precise analysis is conducted. We also conducted JWD 

analysis when we are not sure whether some particular IDs are owned by one cheater or not with 

DTW analysis only. 

 

3.2 Measurement of Hacking Tool Usage Effect 

 

The method commonly used to measure causal effects of time-series data is pseudo experiment 

using PSM (Propensity Score Matching) and DND (Difference in Difference) (Lechner, 2011; 

Dehejia et al., 2002). In this study, we measured the change amount of playtime and purchase 

affected by hacking tool usage by conducting the pseudo experiment. However, since there are not 

sufficient explanatory variables which can be used for PSM, we replaced PSM to DTW in order 

to select control group which have similar playtime and purchase patterns with experimental group. 

The method that find the best matched control groups with time series data using DTW begins to 

be commonly used in some domains recently such as finance, medical and marketing (Larsen, 

2016). 

For more details on the pseudo experiment that we performed, as experimental group,  we selected 

all of the 25 users who do not use hacking tools at first (pre-period) then start using  them later 

(post-period). As control group, we selected 250 users who have similar playtime and purchase 

patterns in pre-period by using DTW. Ten users in control group are matched to one 
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user in experimental group (Larsen, 2016). We tested whether each of the user groups changed 

their playtime and purchase patterns in post-period depending on hacking tool usage and non-

usage. We also measured the change amount of playtime and purchase between control and 

experimental groups. 

 
4. Result 

 

4.1 Cheating Identification 

We found that 207 game users (= 1,026 IDs) are cheaters. It was also shown that they tend to log 

in five different IDs at the same time on average. One interesting point is that although they are 

only 0.25% of the whole registered users of the game but they are VIP users whose playtime holds 

6% and 12% of the whole revenues. 

 
4.2 Measurement of Hacking Tool Usage Effect 

We tested how users’ playtime pattern and purchase pattern changed before and after they started 

using hacking tools for three months respectively (a total of six months). As a result of DND 

analysis, the users who used hacking tools increased their playtime (18,504 minutes, 102%) and 

purchase (23,642 won = $ 20, 79%) dramatically compared to those who did not use the tools. 

Generally, the duration of cheaters can be shortened since they use up the game contents by   using 

hacking tools. For this reason, we checked whether the effects of hacking tools are just short-term 

or not. We compared play patterns of cheating group and their control group who has similar 

average playtime and purchase with cheating group. Surprisingly, according to our results, cheaters 

tend to keep spending playtime and purchase steadily compared to non-cheaters for two years. It 

explains that the effects of hacking tools are not just short-term. 

Additionally, we tested whether the presence of cheating users would have a negative impact on 

other normal users. We performed a granger causality test to determine whether cheating users’ 

time series is useful in forecasting other normal users’ time series. As a result, playtime and 

purchases of cheating users cannot provide statistically significant information about future values 

of normal users’ playtime and purchases. In other words, cheating users’ activity does not affect 

other normal users' playtime or purchases. 

 
5. Conclusion 
In this study, we aim to identify cheaters with limited data and examine how hacking tools change 

users’ playtime and purchase behavior. Consequently, we found that there are 207 users (0.25% 

of registered users) who use hacking tools and they are VIP users who hold approximately 12% of 

the whole revenue. Moreover, it was found that the users’ playtime and purchase increased to 102% 

and 79% respectively right after users start to use hacking tools. We also showed that the effects 

of hacking tools are not just short term. We assume that these phenomena can be seen for following 

reasons. By using hacking tools, utility of users’ time spending on game increase since hacking 

tools make game playing more efficient. Also, they can boost their unauthorized advantages 

through hacking tools by purchasing cash items. As a result, the increased utility of hacking tool 

usage makes hacking users spend more time and money. In our opinion, this is why hacking 

behavior increases users’ playtime and purchase. 

We also showed through the granger causality test that the behavior of cheating users does not 

affect the playtime and purchase of other users. We think of two reasons for this result. First, it 

seems that there are no big negative effects that cheaters can affect to normal users for now since 
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the number of cheaters is extremely small. Second, since this game has been in service for a long 

time, only loyal users remain. These loyal users may be dissatisfied with illegal cheating by 

cheating users, but they do not seem to drop out of the game or reduce their purchases. In this 

context, the results of our research can be derived differently in other games that have more 

sensitive new users. 

Our study does not mean that game companies should allow users to cheat or hack. We want game 

companies to build better strategies that will benefit both users and companies based on our 

research. For example, our study shows that users' automatic play can increase the user's playtime 

(=interest) or purchase. In this respect, the decision of some game companies to incorporate an 

official automatic playing system into their games is correct. They took the advantage of hacking 

tools while preventing cheating in a clever way. We believe that our paper give useful business 

implications to policymakers and game industry managers informing the impact of hacking tools 

on sales and users’ behavior. Moreover, it also contributes to the growing academic literature on 

impacts of cheating behaviors in online games. 
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Abstract 
 

In 2013, the Korean government imposed strict rules to web board games and to the genuine online 

games framing it with a highly negative social perception. The regulation brought the fall of 

industry and in early 2016, the Korean government has relieved some of its regulations to 

revitalize the industry. The objective of this research is to investigate the outcomes of deregulation 

on one specific field; the web board game industry. This research provides empirical and 

quantifiable evidence of the deregulation results using VAR (Vector Auto Regression) and Granger 

causality test. The results show that the deregulation had no impact in reviving the industry. The 

study explains reasons of such result by using the framework of gambling theory, TAM and 

consumer perception. By providing a comparison of industry before and after the 

regulation/deregulation, this research aligns to provide further evidence and guidance in 

evaluating government policies using quantifiable measurements. 

 

Keywords: Web board games, deregulation, VAR, time series analysis, gambling theory 

 
1. Introduction 
Web board games in Korea had a significant influence in building the internet environment, 

including web base services and infrastructure. When first introduced in 1990s, web board game 

services were a huge hit. Alexa webpage ranking of year 2000 showed Hangame 

(www.hangame.com), one of the first web board game service providers in Korea, as 1st place 

among all online game service providing pages followed by Gamesville (www.gamesville.com) 

and Yahoo Games (games.yahoo.com). Having this massive input of users and capital, the web 

board games played as a quality source of revenue for investing in R&D, launching of many 

different online services. 

 

However, in the beginning of 2013, an issue was raised in concern of the addictive characteristic 

of web board games. The genuine online game in Korea has a negative social image due to the 

perception of addiction and the web board game has a worse reputation due to its gambling 

characteristic. A strict set of regulations were imposed to control addictiveness. As a result of  this 

regulation, the industry experienced 70% decrease in total user playing time and a massive loss in 

revenue. (Yoo and Jeon, 2014; Jang, et al., 2015). In early 2016, the government relieves some of 

its regulations to revitalize the industry (Table 1) 

 

There are many research and field practice using the format of web board game to educate 

(Protopsaltis et al., 2013; Kapp, 2012; Markey et al., 2008). Online game is actively used to 

promote entrepreneurship and business (Book, 2005; Mummalaneni and Sivakumar, 2008). The 

online games hold a very controversial position and is being strongly regulated based on the 

opinion of the majority. 

Regulating industries with ‘genuinely negative societal perception by the majority but has 

arguments saying otherwise’ is common among variety of fields. In US, the fast food industry is 
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accused of being the main reason of child obesity. Violent media contents are also suspected of 

having a negative influence in forming children’s personality. Related media commissions try to 

control the exposure rate of violent contents to children. 

 

This research, as a follow up research of Yoo and Jeon (2014), will use the same method as it  

was in the previous research. By doing so, the study will provide an accurate comparison of 

industry before and after the regulation. 

 

Table 1. De-regulation on web board games, 2016 

a) 500,000KRW (approx. 500USD) cap for individual game money purchase (from 300,000 KRW) 

b) 50,000KRW (approx. 50USD) cap for game money spend per game (from 30,000 KRW) 

c) User access limit for 24hours for loss over 100,000KRW (approx. 100USD) (stay) 

d) Selective matching approved for limited number of games (from 100% random matching) 

e) Auto betting prohibited (stay) 

f) Self-verification on annual basis (from quarterly basis) 

Source: Presidential Decree No. 27043 Attachment 2 No. 8 

 

2. Literature Review and Hypotheses 
 

2.1 Gambling Theory 

In order to understand why the web board game became a substance of addiction, it is important 

to understand the characteristics of gambling, which most of the web board games are based on. 

Involving gain and loss according to the results of a game, the field of gambling and the human 

behavior towards it has long been an interest to many researchers by many different perspectives. 

(Ma et al., 2014; Thaler and Johnson, 1990). 

 

The prospect theory provides evidence that people make decision based on expected prospects 

(Kahneman and Tversky, 1979). Thaler and Johnson (1990) extended the prospect theory to also 

include a person’s past experience in making a decision. In their findings, the “House-money 

effect” and the “break-even effect”, are combined and together is named as gambling theory. 

 

Ma, Kim and Kim (2014) states that based on the gambling theory, both cumulative gain and loss 

will have a positive effect on future gambling decision. The most significant finding of their 

research is that they provide empirical evidence on gambling behavior being repetitive. If no 

exterior break is provided, people who play gambling has high possibility of being a frequent 

player in the future. Even though regulation, which aims to work as an exterior break to the 

repetitive behavior, has been loosened to some extent, it still exists and acts as a stopper in the 

repetitive behavior. 

 

H1: The still remaining regulation to pause the game playing behavior, will result in no actual 

change in total user usage time of web board games. 

 

386



  

2.2 TAM (Technology Acceptance Model) 

The TAM is a widely-accepted model in measuring person’s adaptation to a new technology based 

on perceived usefulness and perceived ease of use (Davis, 1989). In the model, perceived 

usefulness is understood to be the more critical factor in adopting a new technology. The ease of 

use comes after, moderating the decision, given that the perceived usefulness is same among all 

possible options. 

 

In this research, we will use the outcome or the reward after playing the game (motivation) and 

the game type concentrating on game rules (technology discomfort level) as factors influencing 

perceived usefulness. For factors influencing perceived ease of use, the level of difficulty and 

complexity the player feels and game accessibility will be used. The level of difficulty and 

complexity of a game are not a fixed constant. (Anzai and Simon, 1979; Anderson, 2000) 

 

The types of web board games examined in this research are poker, 7poker, high-low and low 

baduki. According to poker rulebooks, poker and 7poker are easier games compared to other games. 

Given that the perceived usefulness is same for playing web board games, the easier games will 

have more players. Advanced games should have an incentive that would result in higher perceived 

usefulness to attract users. Usually, games with complex rules allow higher betting and higher 

return in case of winning. 

 

However, by the regulation imposed, higher betting will result in decreasing number of possible 

games sets because there is a cap of monthly spending availability. Also, because games of 

different levels are provided by the same service provider the users have to decide which game to 

play in the limited budget they have. This would have both negative effect on both perceived 

usefulness and ease of use. Therefore, 

 

H2: The negative effect to perceived usefulness and ease of use caused by the regulation will make 

players stay with the easier games and not further advance to complex games. 

 
3.1 Consumer Social Perception 

A perception that leads to consumer’s purchase is built based on the level of exposure, attention, 

interpretation and several other factors (Sherif, 1955; Held, 1961). More and more companies are 

investing heavily to have a good brand image; they strength their CSR operations and highlight 

their activities to attract consumer interest. Also, consumers are now being more sensitive to these 

kinds of information when making a purchase decision (Du et al., 2010) 

 

The strong regulation combined with the fear of parents that their child might be addicted, framed 

online games to have a negative social perspective. The web board games with gambling 

characteristics suffered from even more stricter regulations. 

The perception formed by the majority of the society members tends to influence the decision of 

the members of the group. For web board games, the perception formed and the regulation imposed 

functioned greatly in decreasing the total user time of games and their revenue. Even though there 

have been some deregulations consumers will still avoid selecting what is ‘socially un-proper’. 

The fact it has been deregulated will be information known only to the group who plays the game. 

Therefore, we hypothesize the following. 

 

H3: The negative perception toward web board games will have a negative relationship to 
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increasing player total usage time of web board games. 

 
3. Data and Methods 
For both data collection and analysis, we referred the previous research (Yoo and Jeon, 2014; Jang, 

et al., 2015) so that it would gain consistency in comparing the situation between after regulation 

and after deregulation. For our research, the user usage time of top 5 poker games were collected 

between the period of Oct. 1st, 2015 to June 9th ,2016. The deregulation was in act by March 1st 

of 2016 respectively. 

 

With the collected data, first we did a time series analysis and VAR (Vector Auto Regression). 

Among various VAR models, we specified in using the Granger causality test approach first 

presented by Granger (1969). The granger causality test is a widely-used method to check what 

relationships each variable has over each other over a period of time (Enders, 2008). For our 

research, this approach was applied to better discover H2. 

 
4. Results 
The immediate time series analysis results shown on figure 1 confirm that there was no significant 

difference before and after the de-regulation (H1). Even though the cap limit has risen up to 170%, 

Players will still be banned playing and using the same amount of game money as they did before 

the deregulation. The fact that they are still being banned forcefully pauses the formation of 

repetition. 

 

Figure 1. Change in user usage time 

 

Once the player reaches the daily loss limit, or their monthly available limit they will be banned 

from further playing regardless of their will causing a systematic pause. Also, from the given figure, 

it is assumed that the social perception still remains to deter further increase in user usage time. 

From H1 we know that subsequent increase in single user usage time is still impossible, so the 

remaining factor of increase in total user time is the inflow of new players. However, the figure 

that shows no difference before and after the deregulation implies that the still remaining negative 

social perception is functioning (H3) even after the deregulation. As for user movement 
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between different game levels, the granger causality analysis show that there are no changes in the 

situation before and after the deregulation 

 
5. Conclusion and Discussions 
The findings of this research align with this and provide an empirical evidence of the results of the 

deregulation that it was ineffective and shed light to the reasons why it was ineffective. Well know 

web board games which are characterized to have a gambling concept, should be subjected to more 

cautious approach when regulating or deregulating. The concerns for individual addiction and 

compulsion regarding it are reasonable but because at the same time, the concerns of industry wide 

also need to be considered. 

 

The well-being of the web board game industry is important because the revenue of this industry 

serves as seed money in further developing other online services. A certain field or a product acting 

as a seed money source is common among industries. For example, broadcasting stations sell TV 

advertisements to fund themselves. 

 

The results of this research may further be used to better address the regulations and deregulations 

of web board games in Korea and at the same time refresh the importance of social perception 

towards a specific field in revitalizing an industry. 

 

However, during the research, we have faced several limitations. First, because the analysis was 

based on usage hour of PC bangs (internet café), it does not take in account of individual users 

playing in places other than the PC bang. Another research opportunity would be the using the 

game usage time in individual level. By doing so, we may be able to investigate the actual play 

time difference of an individual before and after the deregulation. Other exterior factors such as 

corporate level promotions that might also have affect were not taken into account. For further 

research, including such omitted factor may provide more concrete evidence along with the results 

of this study. Also, a qualitative approach using the frameworks used above and using other 

possible frameworks is recommended. It may provide deeper understanding in why the 

deregulation was ineffective and serve as a basis for further altering the deregulation items. 
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Abstract 

 
We study peer effects on individuals’ contributions to an emerging form of word of mouth – online 

reviews. Provided by either consumers or third-party professionals, online reviews are closely 

correlated with consumer purchasing decisions and hence sales. Individuals have incentives of 

free riding and maximizing social capital when providing feedbacks online. We leverage a 

“natural experiment,” which led to an exogenous expansion in the user population of a major 

online review platform to better understand the trade-off between the two conflicting incentives. 

Our empirical findings are mainly two-fold. First, we find that a larger population of audience 

and peer review writers, an immediate consequence of the exogenous shock, causally led to more 

reviews posted, higher and more diverse ratings assigned, and reviews of higher quality by the 

users. In addition, we find that these effects were moderated by user characteristics of activeness, 

expertise, and popularity.  

 

Keywords: Online reviews, User-generated content, Social media analytics, Natural experiments 

 

1. Motivation and Research Questions 
Provided by either consumers or third-party professionals, online reviews are shown to be closely 

correlated with consumer purchasing decisions and hence sales (Dellarocas 2003, Chevalier and 

Mayzlin 2006, Forman, Ghose, and Wiesenfeld 2008, Gu and Ye 2014). The majority of online 

retailing platforms, such as Amazon.com and eBay.com (Li and Hitt 2008), allow consumers to 

post feedback and opinions. Platforms specialized in facilitating third-party online reviews, such 

as Yelp.com and Douban.com, have also emerged in recent years. According to an online survey 

in 2014, only 10% consumers do not take any form of online reviews. Among those who pay 

attention to reviews, 88% trust them as much as personal recommendations. 

 

Although the consequences are well understood, an individual's incentive to post online reviews 

in the first place is not equally treated. We are among the first few studies investigating the 

antecedents of online product reviews (Goes, Lin, and Au Yeung 2014, Huang, Hong, and Burtch 

2016). Regardless of the various motivations, a fundamental factor governing an individual's 

contributions is peer effects. Similar to other forms of user-generated content, an individual's 

reference groups, online friends/followers/audience have significant in influence on his or her 

review posting behavior (Zhang and Zhu 2011, Peng et al. 2016). In sharp contrast, we draw on 

theories predicting an individual's contributions to online public goods in a network setting and 

Zaiyan Wei Daniel Zeng 

Purdue University University of Arizona 

zaiyan@purdue.edu zeng@eller.arizona.edu 

391

mailto:yangwang@email.arizona.edu
mailto:pgoes@eller.arizona.edu
mailto:zaiyan@purdue.edu
mailto:zeng@eller.arizona.edu


 

  

utilize a “natural experiment" on a major third-party platform to identify the size effects of 

audience and peer groups. 

 

Online reviews are public goods on the Internet (Duan, Gu, and Whinston 2008). No one can be 

effectively excluded from “consuming" online reviews and an individual’s consumption” does not 

crowd out the access of others. With this in mind, our theoretical foundations are three-fold. First, 

regarding the volume of contributions, it is not hard to see that there are conflicting incentives for 

individuals to contribute to this public good. With a larger size of reference group, an individual 

has the incentive to free ride others' contributions and post fewer reviews. On the other side, 

individuals may be encouraged to post more because they want to add to their social capital and 

maximize social benefits. Second, social image considerations dictate that individuals exhibit more 

prosocial behavior in a larger network, and, therefore, tend to assign higher ratings for products 

under review. Finally, yet importantly, with similar prosocial considerations, an individual will 

pay more attention to the quality of reviews facing a larger audience or more peer review writers. 

 

We test these predictions empirically in this study. In particular, we ask which incentive| free riding 

or prosocial considerations – dictates the private provision of the public good – product reviews, 

and how activities are affected by the size of the reference groups. Specifically, do more peer 

review writers or a larger population of audience necessarily cause a review writer to devote more 

effort and post more product reviews? In addition to the volume effects, does an increase in the 

network size make review writers assign higher ratings in their product reviews? Is the helpfulness 

or the quality of reviews, evaluated by review readers, attenuated by an enlarged population of 

audience and peer reviewers? 

  

2. Research Context and Data 
We seek answers to these questions by studying Douban.com, the largest platform of third-party 

reviews in China. Launched on March 6, 2005, Douban.com specializes in providing a platform 

for consumers and professionals to write reviews for books, movies, TV shows, and music. The 

platform witnessed a sudden expansion in the number of registered users starting from August 

1, 2009, because of the introduction of a web application, “Douban Reading,” on the largest social 

networking platform in China, the QZone of Tencent.com. The application granted Tencent users 

Douban accounts and direct access to all Douban book reviews. This exogenous shock, the 

unexpected merge of two large-scale and influential networks, provides us a unique opportunity 

to study an individual's incentive to contribute to online reviews in an exogenously enlarged 

network. 

 

The identification of peer effects (Manski 1993) comes from a unique feature of the exogenous 

shock. Specifically, Douban Reading users gained direct access to only the book reviews within 

the app, while it did not allow access to other sections unless the users went to the corresponding 

pages on Douban.com. This particular arrangement divides Douban reviews into two groups, book 

reviews being the treatment group and all other reviews the control group. With this “natural 

experiment," we conduct a quasi-experimental study, the differences-in-differences (DID) analysis 

(Athey and Imbens 2006), to identify the effects of the policy change (a sudden increase in the 

population of registered users) on an individual user's contributions to product reviews. 

We collected our data using Douban’s API service in November 2014. We start with a random 

sample of 119 Douban groups and focus on a subset of 24,374 users who joined the platform before 
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the exogenous shock. We obtain all relevant information from their webpages using a web data 

crawler. The main study period is between July 4, 2009 and August 28, 2009, which is four weeks 

before and four weeks after the exogenous shock. Figure 1 depicts the monthly number of reviews 

by category between August 2008 and August 2010, one year before and one year after the 

exogenous shock. It clearly shows the difference between the monthly volume of book reviews 

and other (or movie) reviews around the shock. In fact, the monthly number of book reviews by 

our sampled users rose from 310 in July 2009 to 322 in August 2009; in contrast the total number 

of all other reviews dropped from 589 in July 2009 to 481 in August 2009 (by more than 18%). 

 

Figure 1 Monthly Total Numbers of Reviews by Review Categories 

 
 

3. Empirical Strategy and Findings  
3.1 Empirical Specification 

Our main empirical specification is 

𝑌𝑖𝑡
𝑗
= 𝛽0 + 𝛽1 ∙ 𝐷

𝑗 ∙ 𝐷𝑡 + 𝛽2
′ ∙ 𝐗𝑖𝑡 + 𝛽3 ∙ 𝐷

𝑗 + 𝜇𝑖 + 𝑣𝑡 + 휀𝑖𝑡
𝑗

,           (1) 

where the superscript 𝑗 (𝑗 = 𝑇, 𝐶) indicates corresponding variables for book reviews and other 

reviews respectively (e.g., 𝑌𝑖𝑡
𝑗
 is a certain measure of user 𝑖's contributions to book reviews in 

period 𝑡.); the dummy 𝐷𝑇 = 1 indicates book reviews; the event dummy 𝐷𝑡 = 1 (𝑡 = 1, 2, 3, …) 

stands for the period after the exogenous shock. In addition, 𝐗𝑖𝑡 includes user demographics (both 

time-variant and time-invariant) such as the length of time on site and user location dummies. 

In this equation, 𝛽1 is the coefficient for the interaction term between the dummy for book reviews 

and the event dummy. It is the coefficient of interests capturing the treatment effect of introducing 

Douban Reading on some outcome variable, 𝑌𝑖𝑡
𝑗
. We include user fixed effects, 𝜇𝑖, and time fixed 
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effects, 𝑣𝑡, to control for unobserved characteristics at the individual user level and those affecting 

all users but differing in time. Note that a separate term for 𝐷𝑡  is omitted because of 

multicollinearity with the time dummies 𝑣𝑡. 
 

3.2 Main Findings  

3.1.1 Average Peer Effects 

Table 1 reports the estimation results from Equation (1). We first report the estimates from 

regressions using the weekly number of reviews as a measure of contribution levels. The results 

are presented in the first column of Table 1. From the semilog specifications, the coefficient 

estimate of the key interaction term (indicating book reviews after the exogenous shock) suggests 

that, conditional on all control variables, compared with the difference between the number of 

book reviews and that of other reviews before the exogenous shock, the same difference afterwards 

rose by about 0.6%. As an alternative evaluation of individual user contributions to product 

reviews, the number of characters in a review also reflects the effort the contributor devotes to the 

provision of the public good. The estimate in the second column shows that compared with the 

difference between the weekly total lengths of book reviews and those of other reviews before the 

shock, the same difference after the exogenous shock increased by around 4.2%. 

 

Table 1 Main Results – Estimates of the Exogenous Shock Effects 

 OLS estimates 

Dep. Var.: 𝑙𝑜𝑔(# 𝑟𝑒𝑣𝑠) 𝑙𝑜𝑔(𝑅𝑒𝑣. 𝑙𝑒𝑛𝑔𝑡ℎ) Avg. rating SD ratings 
Helpful votes 

(%) 

1(𝑇𝑒𝑛𝑐𝑒𝑛𝑡) 0.006*** 0.042*** 0.030*** 0.001* 0.266** 

×1(𝐵𝑜𝑜𝑘) (0.002)a (0.013) (0.008) (0.001) (0.133) 

Control var.b Y Y Y Y Y 

User FE Y Y Y Y Y 

Week FE Y Y Y Y Y 

1(𝐵𝑜𝑜𝑘) Y Y Y Y Y 

Adj. 𝑅2 0.138 0.109 0.091 0.052 0.079 

Num. obs. 62,048 62,048 62,048 62,048 62,048 

*** 𝑝 < 0.01; ** 𝑝 < 0.05; * 𝑝 < 0.1 
a We report the robust standard errors in all estimation results. It may be argued that the precision 

of estimates can be overestimated with the robust standard errors. Therefore, we also check the 

results with standard errors clustered at an individual user level for all estimations. The 

significance results are, not surprisingly, similar. 
b We control for a user’s experience with the Douban platform by including the length of time 

on site and the squared term of the length. This applies to all estimations. 

 

In addition to the volume effects, we also estimate the causal effects on the valence of reviews. 

Column 3 of Table 7 presents the estimation results with the dependent variable being the average 

ratings assigned by an individual reviewer in a week. The estimate suggests that the sampled 

Douban users assigned, on average, higher ratings for book reviews than other reviews conditional 

on all observed characteristics. It can be interpreted that the exogenous shock caused individuals 

to assign, on average, a 0.03-point higher rating (within the range 1 to 5). It is also of particular 

interests to study the peer effects on the dispersion of review valence. We use the standard 
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deviation of review ratings as the dependent variable and report the estimation results in the fourth 

column of Table 1. The estimate suggests that the exogenous shock increased the average variation 

of review ratings by about 0.001 in standard deviation, which is statistically significant. 

 

The last set of estimation results are presented in the last column of Table 7. The positive estimate 

implies that a representative Douban user tends to post more helpful reviews in a larger network 

(or with a larger population of audience and cohort reviewers). Quantitatively, the exogenous 

shock led to about a 0.13% increase in the percentage of helpful votes. Various concerns may hurt 

the reliability of these findings, including concerns about our samples and empirical specifications. 

We carry out several robustness checks including separating the control group into movie reviews 

only and music reviews only, extending the sampling period, and separating the users by their 

sophistication. We also conduct a placebo test to make sure that it is indeed the exogenous shock 

driving our results. 

 

3.1.2 The Moderating Roles of User Characteristics 

So far, we have identified average peer effects in the sense that we have not explored the 

heterogeneity across different types of users. As an example, the sudden expansion in the user 

population can have differential effects on the users who are experts in writing book reviews versus 

those interested in reviewing movies only, since the shock mainly increased the audience of book 

reviews. In addition, a more engaged user typically spends more time on the platform. He or she 

may contribute more reviews (regardless of the product section) and also engages more in other 

onsite activities. These users will be less affected by a sudden change in the population of audience 

or cohort review writers because their contributions are less casual compared with less active users. 

Last but not least, we also examine the moderating role of a user’s popularity. We hypothesize that 

the introduction of Douban Reading had a smaller impact on a more popular user because more 

popular individuals are in general more engaged as well. 

 

We carry out formal tests of these hypotheses about the moderation of various user characteristics. 

We adopt two measures of a user’s activeness: the number of reviews prior to our study period and 

the number of followees. We differentiate the users by their contributions to book reviews and 

other reviews to examine the moderating effects of expertise. Lastly, we use a user’s number of 

followers as the measure of popularity. Our regression-adjusted results support all of the 

hypotheses above. 

 

4. Concluding Remarks 
As an emerging form of consumer response, online reviews, provided by either consumers or third-

party professionals, are closely related to customer satisfaction and product sales. We study an 

individual’s incentives to post online reviews in the first place and focus on the fundamental factor 

governing their contributions—the peer effects. We first find that a larger population of audience 

and peer review writers, an immediate consequence of the exogenous shock, causally led to more 

reviews posted, higher and more diverse ratings assigned, and reviews of higher quality by the 

users. In addition, we find that these effects were moderated by user characteristics of activeness, 

expertise, and popularity. These results have implications for any company in the management of 

online product or service feedback and for platforms that rely on user contributions. 
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We complement the recent literature on the antecedents of online reviews by establishing the 

causal effects of peer groups (Goes, Lin, and Au Yeung 2014, Lee, Hosanagar, and Tan 2015, 

Chen, Zheng, and Ceran 2016, Huang, Hong, and Burtch 2016). Instead of the aggregate product 

or firm level, our analysis is at a more granular review writer level, which is governed by our 

theoretical motivations of studying an individual user’s incentives. In addition to the volume, we 

manage to conduct a more comprehensive investigation by studying the effects on the valence and 

quality of reviews. We also contribute to the long-standing literature on the private provision of 

public goods (Zhang and Zhu 2011). Last but not least, the paper contributes to the broader 

literature on users’ contributions in online communities (Ransbotham, Kane, and Lurie 2012) by 

illustrating how community members respond to the growth of the community. 

 

Our study can be extended in several ways. First, in the current study, we focus on the network 

size effects. Future studies can explore more from the perspective of network positions. It will be 

interesting to study the dynamics between a user’s online contributions and his or her positions in 

a network. Along this line of research, future studies can explore the interrelationships between a 

user’s contributions and his or her neighbors’ (online friends, followers, or audience) contributions. 

Second, we notice that less than 25% of the sampled users (5,823 of 24,374) have ever posted any 

reviews in our data. More on the skewness of contributions in online communities and how to 

remedy this problem to encourage even more contributions from the whole community may be a 

future direction of research. Last but not least, beyond the specific context in the current study, 

future research can apply similar identification strategies, the quasi-experimental analysis of 

similar “natural experiments,” to address the endogeneity issue in social network studies. 
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Abstract 
 

With online search tools and users’ Internet experiences, online consumers are shown to rely 

on Word-of-Mouth (WOM) information hosted by both retail and third-party websites. 

Nevertheless, will online consumers conduct the same comprehensive level of WOM search, if 

the distribution of WOM across websites differs? This study is intrigued by this question to 

propose that the distribution of WOM across websites affects the search cost of WOM 

information during consumers’ decision making, and thus influences online retail sales. By 

using sales and WOM data of software programs from Amazon and a third-party website 

download.com, we find negative sales impacts of WOM volume dispersion and valence variation. 

Our results show that less dispersed WOM leads to more sales. And it is even more beneficial 

for a product’s sales if having this less dispersed WOM distribution skewed towards retail 

websites. In addition, more consistent consumer evaluations across websites encourage online 

purchase decisions. 

 

Keywords: Word-of-Mouth, User-generated content, Volume dispersion, Valence 

variation, Online retail sales 

 
1. Introduction 
The Internet and electronic commerce has unprecedentedly accumulated and distributed Word-

of-Mouth (WOM) information. In particular, most retail websites adopt online user review 

systems to encourage consumers to share their experience after consumption; third-party  

websites generally serve as more independent sources to solicit user reviews and critics. The 

abundant WOM information available on the Internet benefit online consumers learning product 

quality and making informed purchase decisions. A Pew Internet survey (2012) points out that 

92% of people use search engines to find information on the Internet while surfing online. Those 

search results mostly direct consumers to major online retail and third-party websites (Gu et al. 

2012). 

 

Although consumers are aware of WOM information hosted by retail websites and third-party 

websites before arriving at their purchasing decisions, little is known regarding how the 

distribution of WOM across multiple websites can influence their purchase decisions. Will the 

product receive greater sales on the retail website, if the third-party website hosts more reviews 

than the retail website? Will the product sales on the retail website changes if consumer feedback 

turns to be more consistent across sites? In particular, this study tries to fill in this gap by 

investigating the sales impact of WOM distribution in terms of both volume and valence across 

two different websites: retail websites where consumers purchase products, and third-party 

websites where consumers mainly come to look for product information. WOM volume and 

valence are two prominent and widely discussed attributes of WOM. They represent the amount 

of WOM conversations that have been taking places and average customer evaluations 

respectively (Liu 2006). Specifically, we investigate how the dispersion of WOM volume and  

398



 

  

the variation of WOM valence across websites influence online retail sales. Dispersion of WOM 

volume indicates the heterogeneity of WOM volume across websites (Godes and Mayzlin 2004). 

A larger dispersion of WOM in volume implies a more evenly distributed WOM over   

websites. 

In terms of the distribution of WOM valence across websites, valence variation captures the 

disagreement of average product evaluations among different websites. 

 

To do so, we construct a panel data of 43 software programs including sales ranks and online 

user reviews from Amazon and corresponding user reviews from CNETD over 33 weeks. To 

our best knowledge, this study is the first to provide some insights that the distribution of WOM 

across third-party websites and retail websites, in both volume and valence, matters a lot to 

online sales. While more online WOM conversations on the Internet are always better; 

conditional on total volume of WOM from Amazon and CNETD, we find that a less dispersed 

WOM volume across Amazon and CNETD is more beneficial to retail sales. More interestingly, 

an even more favorable scenario for a product’s sales on the retail website takes place when 

most WOM activities available on the Internet occur on Amazon. Our results show that, given 

the  same volume dispersion, having the larger portion of WOM hosted by Amazon would lead 

to sales by over 40% greater than otherwise receiving that larger portion of WOM on CNETD. 

In addition, we also find a negative relationship between variation of WOM valence over 

Amazon and CNETD and Amazon sales. All else being equal, receiving a 5-star average user 

rating on one website and a 1-star average rating on the other website leads to sales by nearly 

70% fewer than receiving reviews at the same average rating, 3-star, on each website. 

 
2. Data 
We construct a weekly data set of observations on bestselling software programs hosted by both 

Amazon and CNETD (CNETD download.com) during the period June 2011 through Jan 2012. 

On Amazon, every week we collect sales rank, number of online consumer reviews, average 

consumer rating, price, release date, eligibility for free-shipping service, and software category 

for each software program. On the same date of each week, we also collect number of online  

user reviews, average user rating and weekly downloads for the matched software program on 

CNETD. 

 

As an alternative to the inaccessible true transaction data, we use Amazon sales rank as the proxy 

for Amazon sales. Ghose and Sundrararajan (2005) designed an experiment to empirically 

estimate the negative linear relationship between log value of sales rank and log value of sales 

as 

Ln( AmazonSales)  0.828 * Ln( AmazonSalesRank )  .  Similarly,  we  use  Amazon  sales   

rank 

(AmazonSalesRanki,t) with a log transformation to approximately measure the log value of actual 

sales. One of the key independent variables is dispersion of WOM volume. Following Godes 

and Mayzlin’s study (2004), we use entropy to measure the dispersion of WOM volume 

(EntropyVoli,t) by applying the entropy definition in our context as below: 
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where j denotes each website, e.g. A for Amazon and C for CNETD in this study, and Voli,t 
j 

denotes WOM volume on website j. The larger value of EntropyVoli,t indicates a larger volume 
dispersion, and in other words a more evenly distributed WOM across sites. 

 

The other main independent variable is variation of WOM valence. Similarly, we still apply 

entropy on average ratings from two websites to measure the variation of WOM valence 

(EntropyVali,t) as illustrated below. 

 
 

where j denotes each website, e.g. A for Amazon and C for CNETD, and Vali,t 
j denotes WOM 

valence on website j. A larger value of EntropyVali,t actually denotes a smaller variation of  

WOM valence. 

 

In addition, we also use Amazon product prices, product age, CNETD weekly downloads, 

download license, product fixed effect, and time fixed effect as control variables (Chevalier and 

Mayzlin 2006; Li and Hitt 2008; Zhou and Duan 2015). Below, Table 1 provides a description 

of the variables used in our empirical analysis. 

Variables Descriptions 
AmazonSalesRanki 

,t 

Sales rank of software i at week t on Amazon 

TotalVoli,t Total number of Amazon and CNETD reviews software i receives at 

week t 
EntropyVoli,t Dispersion of WOM Volume over Amazon and CNETD for software i at 

week t 
DummyVoli,t A dummy variable measures if software i receives more reviews by week 

t on Amazon than on CNETD 
MeanRatingi,t Mean value of Amazon and CNETD average ratings of software i at 

week t 
EntropyVali,t Variation between Amazon and CNETD WOM Valence of software i receives at week t 
Agei,t Days since Amazon has released software i by week t 
AmazonPricei,t Price offered by Amazon for software i at week t 
CnetdDowni,t Weekly number of downloads of software i at week t 
CnetdLicensei,t A dummy variable if software i is free to download at week t on CNETD 

Table 1. Description of Key Variables 

 
3. Empirical Analysis 
We estimate the following model to test the sales impact of WOM distribution: 

 

We use -Ln(AmazonSalesRanki,t) as the dependent variable to denote the negative log value of 
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Amazon sales rank of product i at week t. We first include EntropyVoli,t and DummyVoli,t 

respectively to test the sales impact of WOM distribution in volume. The coefficient on 
EntropyVoli,t (β2) captures the impact of dispersion of WOM volume across Amazon  and 

CNETD on Amazon sales. The coefficient on DummyVoli,t (β3) captures whether having more 
WOM  activities  on  Amazon  than  on  CNETD  leads  to  greater  Amazon  sales.  

We  also add TotalVoli,t to represent the total number of Amazon and CNETD user reviews 

software i receives by week t. Its coefficient β1 thus controls for the impact of total WOM 

volume over websites on Amazon sales. In addition, we include EntropyVali,t to capture the 
impact of variation of WOM valence across Amazon and CNETD on Amazon sales. We also 
include MeanRatingi,t to  measure the mean of Amazon and CNETD average user ratings 
software i receives at week t. Following previous studies, we also include several other control 

variables, including product age Agei,t, price effect AmazonPricei,t, the log value of weekly 

downloads LnCnetdDowni,t , and the license difference of free software CnetdLicensei,t (Chen et 

al. 2007; Duan et al. 2009; Zhou and Duan 2012, 2015). We also include product fixed effects 
µi and time fixed effects ρt to control for time-invariant product heterogeneity and other omitted 
time-variant variables respectively (Duan et al. 2008). 

 

Table 2 presents our estimation results. In the first column of Table 2, we estimated a model 

without considering WOM distribution across Amazon and CNETD. The second column of 

Table 2, on the other hand, presents the estimations of our proposed model that adds two key 

variables to address our research question: dispersion of WOM volume and variation of WOM 

valence over two websites. Moreover, to avoid the small sample issue, we also tested both two 

models in Bayesian framework, which doesn’t have a requirement on the sample. The results 

are qualitative similar, showing the robustness of our results. We have also conducted a 

Hausman test to examine the potential endogeneity of volume dispersion and valence variation 

and find no evidence for endogeneity issue. 

 (1) (2) 

Intercept -3.817*** -3.628*** 
LnTotalVoli,t (β1) 0.340*** 0.220*** 
DummyVoli,t   (β3) 0.605*** 0.420*** 
MeanRatingi,t   (β4) -0.248** -0.056 
EntropyVoli,t   (β2)  -0.739*** 
EntropyVali,t   (β5)  1.579*** 
Agei,t   (β6) -0.001*** -0.001*** 
AmazonPricei,t (β7) 0.002 -0.001 
CnetdDowni,t (β8) -0.056*** -0.158*** 
CnetdLicensei,t (β9) -1.558*** -2.169*** 

Product fixed effect Yes Yes 

Time fixed effect Yes Yes 

Observations 665.000 665.000 

R2 0.642 0.660 

**p<0.05;***p<0.01   

Table 2. The Impact of Distribution of WOM over Websites on Online Sales 

 

First, as expected, dispersion of WOM volume from Amazon and CNETD has a negative impact 
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on Amazon sales, given the significantly negative coefficient on EntropyVoli,t. Since a large 

value of EntropyVoli,t indicates a high level of volume dispersion, this suggests that products 

receiving more evenly distributed WOM over retail and third-party websites tend to achieve 

fewer sales. Second, given the level of dispersion of WOM volume over those two websites, 

having more WOM occurred on Amazon is favorable to its sales. The coefficient is  

significantly positive on the dummy indicator DummyVoli,t that measures whether the product 

receives more WOM on Amazon. Combined with our first finding, it implies that while a less 

dispersed volume of WOM increases online sales, the scenario would be even more beneficial 

to sales if the distribution of WOM volume across websites is skewed towards retail websites. 

Third, we find that the disagreement in consumer evaluations between Amazon and CNETD 

WOM discourages Amazon sales, indicated by the positive coefficient on EntropyVali,t. We note 

that a large value of EntropyVali,t denotes a smaller variation of WOM valence. Therefore, the 

positive estimate on its coefficient actually suggests a negative relationship between the 

variation of WOM valence and online sales. Consumers are more encouraged to make online 

purchasing decisions by consistent consumer-generated product evaluations across websites 

than by divergent consumer opinions. 

 

We also find some interesting results by comparing the estimations in two columns. The main 

significant difference between them is the coefficient on the mean value of Amazon and CNETD 

valence. It is estimated to be negatively significant in column (1) but becomes insignificant in 

column (2). Hence, if ignoring the distribution of WOM across websites, researchers may 

inappropriately reach a counter-intuitive conclusion that lower average ratings result in more 

online sales. However, this insignificant estimate in column (2) suggests that the variation of 

WOM valence across retail and third-party websites plays a much more significant role in 

influencing sales than an overall consumer evaluation. 

 
Finally, we also find supportive and indirect evidence for our proposition that consumers are 

able to extensively search for and be aware of WOM information hosted by multiple websites 

in online market. In both two specifications, the total volume of Amazon and CNETD WOM 

leads to higher sales. More WOM conversations available on the Internet, the more likely 

consumers would get informed of the corresponding products. 

 
4. Conclusions 
In this paper, we examine how distribution of WOM hosted by retail websites and third-party 

websites influences online retail sales by focusing on volume dispersion and variation valence. 

Our findings offer some important implications for researchers. First, this study highlights the 

role of distribution of WOM in influencing online sales. Earlier studies agree that consumers 

conduct extensive information search on the Internet before purchases and thus are influenced 

by WOM information hosted by both retail websites and third-party websites (Gu et al. 2012; 

Zhou and Duan 2015). Our research goes a step further by recognizing the different extent to 

which consumers search for WOM information according to the WOM distribution across those 

two types of websites. Second, this study also contributes to our understandings on the 

magnitudes of WOM’s sales effects from multiple sources. Our findings suggest that which 

WOM source is more influential is context specific. We find evidence that reduced dispersion 

of WOM volume and smaller variation of WOM valence across websites increase online sales. 

Finally, our study also sheds lights on identifying user-generated WOM metrics that can 
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significantly influence consumer purchase decisions. This research echoes previous studies by 

showing that the  variation of WOM valence, rather than the valence itself, play a more 

important role in influencing online sales. 

 

References are omitted for limited space yet available upon request. 
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Optimal launching and service strategies of the digital products 

 
Abstract 

 

The prosperous electronic version makes the retailing market of digital goods more 

diversified and brings up challenges to the traditional versions. To improve the 

competitiveness of electronic versions, the manufacturers begin to build their own 

platforms and adjust launch time of the two versions. Meanwhile, many traditional 

retailers begin to provide some service for the traditional version. This is an 

intriguing phenomenon observed in platforms and traditional retailers of digital 

goods all over the world. In this paper, we use an analytical model to derive the 

market equilibrium to show how the changes of the competition level and service level 

affect retailers’ and manufacturer’s profits and how the manufacturer should choose 

the launching strategies optimally in terms of service level and price. Our results 

show that launching time and service level are useful strategies for the manufacturer 

to make a higher profit. When the two versions are launch at the same time, both 

retailers and manufacturer are better off. 

Keywords: online platform, service strategy, launching time, distribution channels 
 

 

1. Introduction 

During the past decade, the fast improvement of electronic commerce has changed the 

market structure of many industries. It also brings new digital format to the content 

providers to replace the traditional hardware medium to prompt their products. As the 

new electronic version grows fast, the competition with traditional version becomes 

fiercer than before. The content provider in the publish industry and the game industry 

such as Amazon or Nintendo, who plays a role as a manufacturer in the supply 

channel, begins to provide the electronic versions and build their own online 

platforms to sell the electronic version directly. The prosperous electronic version 

makes the markets more diversified. It provides huge scales of opportunities to the 

business while also bring up challenges to the traditional versions’ market share. The 

traditional versions are meeting a competition fiercer than ever before, and it has 

become a crisis and disrupted many traditional retailers. For example, a great decrease 

happened in the printed book market with the appearance of the electronic book, 

which leads to a crisis for many bookstores especially in some countries as Japan and 

China (Economist, 2007). To improve the competitiveness, many retailers begin to 

provide service to attract the consumers. Meanwhile, the manufacturers could not 

allow a great loss in the traditional versions’ sale, so they consider the launch timing 

of the two versions. The publishers usually lag the launch time of the e-book a period 

of time after the launch of the printed book, which is reviewed as a protection to the 

traditional bookstore. Besides the publish industry, the lag launch strategy of the 

electronic versions could be seen in the music industry, the film industry and the game 

industry. The lag launch and the service strategies seem to protect the retailer from the 

fierce competition of the electronic versions.  

However, many manufacturers have begun to choose letting the two version launch 

simultaneously instead of the lag launch. Meanwhile, the manufacturers also begin to 

provide the service in their own online platforms. For example, Origin, the platform 

of EA games, begins to sale the electronic versions of PC games simultaneously with 

the traditional disk versions sold in the game stores, and it often provides the price 
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discount that the traditional game stores could not afford. Such a phenomenon raises a 

question being addressed in this research: how does the manufacturer optimize the 

timing of launch in terms of electronic version and the traditional version, and what is 

the service strategy and pricing strategy the manufacturer and the retailer should apply 

in different launch situations?  

This paper aims to present the analyses of the service and launch strategies of 

electronic version and traditional version adopted by the manufacturer and the retailer 

through mathematical modeling. These theoretical models help analyze 

manufacturers’ and retailers’ launch and service strategies. Meanwhile, it also assesses 

the value and the sensitivity how the competition of the two versions influences the 

manufacturers’ strategy choice in different service and launch modes. These studies 

are aimed at gaining deep insights and managerial methods into the complex issues 

involving service and launch strategies. 

 

2. Literature review 
Our model bases on the intersection of online platform business models. Prior work 

on online platform has primarily focused on the impact of the e-market (Benjamin and 

Wigand 1995, Strader and Shaw 1997, Choudhury, Hartzel et al. 1998). Wang, Jiang 

et al. (2004) study an Amazon’s marketplace program and conclude a consignment 

contract with revenue sharing. With the appearance of the two side market in the 

E-market, Armstrong (2006) and Hagiu (2007) analyze the characteristic of the 

two-sided market platform model. Hao and Fan (2014) investigate the pricing models 

in the electronic book market with considering about the hardware’s effect. Hao, Guo 

et al. (2015) analyze the app sales’ advertising under agency pricing with mobile 

platform’s monetizing strategy. On the base of the electronic platform, our baseline 

model analyses an online platform and exam the effects to the market. 

Besides, our research is related to the literature on channel pricing and distribution 

strategies. Many scholars have concern about the questions about the coordination of 

the supply chain in the channel research (Boyaci 2005, Cachon and Lariviere 2005, 

Chiu, Choi et al. 2011). Hua, Cheng et al. (2011) investigate the strategies of 

distribution channel choices for the publishers. Chiang, Chhajed et al. (2003) study 

the strategic analysis of dual-channel supply chain design. Cattani, Gilland et al. 

(2006) learn the strategies of the competition between the electronic channel and the 

traditional channel. Feng, Guo et al. (2009) and Li (2010) study the channel strategies 

of the digital content. Abhishek, Jerath et al. (2016) study the competition between 

two electronic channels when they have an effect to the traditional channel. It was 

shown that retailers could be more efficient in the agency selling than reselling and 

the retail prices also be lower for the competition.    

The research try to:(1) complement previous research of Li, Lin et al. (2015) by 

introducing the service strategies of contributors and the lag launch strategy and the 

service effect to digital content market; (2) complement the results of Jiang, Jerath et 

al. (2011) by integrating the manufacturer and the platform due to service level and 

launch time; (3) contribute to the digital goods online retailing markets literatures 

(Sundararajan 2004, Lang and Vragov 2005, Choudhary 2010, Yu, Hu et al. 2011, 

Hagiu and Spulber 2013) by developing an extended online retailing model that 

captures the unique features of the service-supported market consisting of two 

separate agents, the platform and the retailer. 
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3. Model Setup 
We consider a manufacturer (M) and a monopoly retailer (R) in a market. The 

manufacturer produces a type of product with two versions: traditional version and 

electronic version. The two versions are different at the format and supply chains. The 

traditional version product needs the hardware to support, such as the disks, and is 

commonly sold through the retailers of traditional supply chain structure (such as the 

physical store). Besides, it adopts the wholesales channel through which the retailer 

wholesales the product from the manufacturer, decides the retail price, and then sells 

the products. The electronic version is digital format products and sold directly 

through the manufacturer’s own online platform which performs as a direct channel 

and doesn’t need the storage and logistic (such as Amazon.com). In the model, we 

assume that consumers' utilities may be different due to the horizontal differentiation 

of experiencing these two versions, although the two versions provide same product.  

Launch timing strategy. There are two launching strategies for the two versions: 

simultaneous launch or lag launch. Under the simultaneous launch strategy, two 

versions are launched simultaneous to compete. Under the lag launch strategy, the 

electronic version appears later than the traditional version, and may lose profit for 

the late access to the market. In this situation, we assume that the market share of the 

traditional version is not affected by the electronic version, since most of the 

traditional version products have been sold out during the early period.  

Besides the content product, the manufacturer and the retailer are able to provide 
service such as the music audition, the author signing and the binding gifts as a 
complementary to increase the demand. In the model, we assume the service quality 
is iS , which incurs the cost as 

2 2iS (  0,1iS  , ,i e r ). When the cost exceeds the 
revenue, neither the manufacturer nor retailer provides the service as =0iS . 

Based on the launch timing of electronic version and whether to provide service, there 

are 8 scenarios for the manufacture and the retailer. Under the simultaneous launch 

strategy, we have: 1) neither provides no service; 2) the manufacturer provides service 

while the retailer does not; 3) the retailer provides service while the manufacturer 

does not; 4) both provide service; Similar cases exist under the lag launch strategy. 

Because the strategies are chosen simultaneously, the service level does not change 

once it is decided.  

The sequence of the game is as follows: first, the manufacturer determines the 

wholesale price of traditional version and the traditional version of electronic version. 

Then, he decides which launch strategy and service strategy to adopt. If he adopts 

simultaneous launch, the two versions place on the market at the same time. If 

choosing lag launch, the manufacturer releases the traditional version to the retailer in 

the early period and launch the electronic version after retailer make the decision. 

Second, the retailer determines whether to accept the wholesale price of traditional 

version. If yes, the retailer sets the retail price and the service level of the traditional 

version. Otherwise, the retailer exits the market. 

Demand function. To model a differentiated duopoly context, we follow (Raju et al. 

1995, Jerath and Zhang 2010), and employ a linear demand system for duopoly 

competition:  

2 2

1 1

1 1 1
r rr eq p p S



  
   

  
, 

2 2

1 1

1 1 1
e ee rq p p S



  
   

  
; 

where the subscript r denotes the traditional version product while e presents the 
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electronic version product, rq means the demand of the traditional version through 

wholesales channel and rp is the retail price charged by the retailer. eq means the 

demand of the electronic version through direct channel and ep  is the retail price. 

The demand model describes the competition between two types of similar products 

sold in different channels. The parameter   measures the substitutability index of 

the two versions where  0,1  , where 0   implies the products of two versions 

are significantly differentiated. As   increases, the substitutability between the two 

versions grows up and the competition becomes more intensify. If 1  , the two 

versions products are fully substitutable between each other, the market is perfectly 

competitive.  

Since the demand of traditional version product is not affected by electronic version 

one when the manufacture adopts a lag launch strategy, the demand functions for the 

manufacture and the retailer are shown as:  

2

1 1

1 1
r rq p

 
 

 
, 

2 2

1 1

1 1 1
e e rq p p



  
  

  
. 

The traditional version poses a threat to the electronic version for the lag launch. As 

a response, the manufacturer is able to increase the wholesale price for the traditional 

version to balance the two versions. Then, we have the optimization problem for the 

manufacture and the retailer.   

The manufacturer’s revenue function is given as: 
2 2m r e e iwq p q S    . 

The revenue contains two parts: 1) the wholesale of traditional version ( rwq ) from 

the retailer’s store, 2) the retail of the electronic version ( 2 2e e ip q S ) from the 

online platform. Meanwhile, the manufacturer is able to determine the channel 

arrangements, the launch strategies and the service strategies. To maximize the profit, 

the tradeoff of the two versions must be considered about. 

The retailer’s revenue function is given as: 
2) 2r r r ip w q S   （ . 

The revenue contains the retail of traditional version ( 2 2e e ip q S ) and the 

wholesale cost ( rwq ). As the retailer sells products only through the traditional 

channel, the revenue mainly depends on the retail price, the wholesale price and the 

service level. Using the backward induction, we solve the subgame perfect 

equilibrium of the competition game. The equilibrium price, service level and 

revenue of both manufacture and the retailer are shown in Appendix. 

 

3.1 Launching Strategy 
The tradeoff for the manufacturer is which strategy to adopt: simultaneous launch or 

lag launch. The simultaneous launch leads to the price competition while lag launch 

leads to the profit loss in early period. In this situation, the service strategy becomes 

a useful tool to adjust the launch strategy. If the electronic version is adopted, the 

manufacturer could offset the profit loss through the high-level service and avoid 

competition. Considering the substitutability of the two versions, and comparing the 

retailer's and the manufacturer's profit with different strategies, we get proposition 1.  

Proposition 1. 

For any given β, both manufacturer and retailer prefer simultaneous launch strategy 

for higher profit when there is no service existing in the market, the retail prices of 
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both versions and the wholesale price of the traditional version in the lag launch 

situation are lower than the prices in the simultaneous launch situation for a fiercer 

price competition. 

Without the consideration of service effect, the competition mainly focuses on the 

price. The optimal strategy for the manufacturer in simultaneous launch situation is to 

set the wholesale price of traditional version and retailer price of the electronic 

version the same, which means the manufacturer treats the direct and indirect 

channels without discrimination and don’t consider the differences of the two versions. 

The retailer sets traditional version’s retail price that considers about the substitution 

of the electronic version. With the substitutability index   increases, the retail price 

of traditional version, the manufacturer’s and retailer’s profits will decrease for a 

fiercer competition.  

In the lag launch situation, the retailer will set traditional version’s retail price that 

don’t need to consider about the substitution of the electronic version anymore. 

However, the retail price of electronic version is lower than the wholesale price of 

traditional version. This means that the manufacturer chooses to minimize the price of 

electronic version in order to improve the market requirements after the sale of 

traditional version. Meanwhile, with the substitutability index   increases, the retail 

prices of both versions, the wholesale price of the traditional version, the 

manufacturer’s and retailer’s profits will decrease for the price competition. 

Compared with the simultaneous launch strategy, the retail prices of both versions and 

the wholesale price of the traditional version in the lag launch situation are lower than 

the prices in the simultaneous launch situation, which leads to the decrease of profits 

for both sides. As a result, the lag launch strategy leads to a worse situation for both 

manufacturer and retailer without service effect. 

Proposition 2.  
For any given β, both manufacturer and retailer prefer simultaneous launch strategy 

when they both decide to provide the optimal service. 

By analyzing simultaneous launch strategy, we find that both the manufacturer and 

the retailer have higher optimal profits in the both provide service situation. The 

manufacturer’s service strategy not affect the retailer’s revenue. The service effect 

weakens the price competition between the manufacturer and the retailer and 

increases the market’s revenue. 

In the analyses of lag launch strategy, we find that the manufacturer has enough 

incentive to choose the both service strategy for higher profits. However, the retailer 

reaches it maximum profit with an optimal service level only in the situation that the 

manufacturer will not service, which is different from the manufacturer’s strategy. At 

last, the retailer has to compromise and the optimal service strategy of the two 

versions is both provide service.  

Comparing the two launch strategies, we find that both the retailer's and the 

manufacturer’s profit are always higher in the simultaneous situation when both of 

them provide service. As they provide the optimal service levels, the simultaneous 

strategy seems to be the best choice. We impose the range of the relative size of the 

retail price and wholesale price to ensure that platform can make positive profit and 

the market is not fully covered. The static analysis of optimal solution is summarized 
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in Table 1.  

Table 1: Comparison of optimal prices and profits in different strategies 

Strategy Comparison 

No Service  0 1r rp p  0 1e ep p  0 1w w  0 1m m   0 1r r   

Manufacturer Service 0 1r rp p  0 1e ep p  0 1w w  0 1m m    

Retailer Service 0 1r rp p  0 1e ep p  0 1w w  0 1m m   0 1r r   

Both Service 0 1r rp p  0 1e ep p  0 1w w   
0 1r r   

Note: the subscript “0” represents the simultaneous launch and “1” represents the lag launch. 

 

3.2 Service Strategy 

Proposition 3. 

Bothe the manufacturer’s and retailer’s optimal service level always decreases as β 

increases with either launching strategy. 

As the service level is higher, it also brings a higher cost. With the intensifying 

competition, the service effects could not be as useful as that in the low level of 

competition. This leads to a decrease of the optimal service level for both sides of the 

market. 

 

Figure 1 shows that the manufacturer provides almost the same service level in the lag 

launch situation in spite of the retailer provides service or not. But the retailer 

provides similar service level only in the situation that the   is at the point 0 or near 

1, which means the competition does not exist or has been the fiercest situation. The 

simultaneous launch situation needs a higher optimal service level for the retailer than 

the lag launch situation. This result explains the reason why the retailer often provides 

a high service level nowadays after the simultaneous launch strategy is widely used in 

the publishing industry. 

Figure 1. The optimal service level of 

the manufacturer and the retailer. 

Figure 2. The manufacturer’s and 

retailer’s maximum service level. 
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If there is only one of the manufacture and the retailer could provide the service. The 

question mainly focuses on the service level and the effect to the market. The 

manufacturer and the retailer have much more incentive for the free-riding effect. In 

figure 2, the maximum service level means the boundary under which the service 

provider has a higher profit than the situation to let the competitor provide service. 

The manufacturer is able to adjust the service level flexible to make more profits in 

spite of the launch strategy. The market could reach the equilibrium by letting the 

manufacturer provide the service with a level in the interval that between the 

manufacturer’s and the retailer’s max service level of the match launch strategy. 
 

4. Conclusions 
In this paper, we study the launch strategy and the optimal service strategy of the 

digital content products. In both the simultaneous and lag launch modes, we find that 

both the manufacturer and the retailer providing service is the best choice for the 

partners of the supply chain. The service has a strong effect to decrease the price 

competition between the two channels, and it increases the retail price of the both 

versions. Furthermore, the manufacturer and the retailer prefer the simultaneous 

launch strategy instead of the lag launch strategy. The revenue and retail prices of the 

two versions are higher in the simultaneous launch strategy. Based on the analyses, 

we recommend that the simultaneous launch strategy is the optimal choice for the 

entire partner in the digital content market. 
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Appendix: Table 2: The optimal equilibrium prices, service level and profits in the simultaneous and lag launch strategies 
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Abstract 
 

External search has played a very critical role in a firm’s innovation process. As a cornerstone  

of open innovations’ success, the work of external search has been altered by the advancement 

in information technologies (ITs). However, extant literature has paid scant attention on the 

mechanisms of new IT-enabled open search. Furthermore, there remains a paucity of research 

on how IT can facilitate the external search activities in open innovations. To fill the gaps, this 

study developed a theoretical exposition of open search work by 1) evaluating the impact of 

each open search pattern; 2) understanding appropriate IT mechanisms for each identified 

pattern. This study seeks to contribute to building a middle-range theory of open search by 

shedding light on the different patterns of IT-enabled open search. Our findings can also 

provide useful insights to firms’ managers to design their innovation units effectively to achieve 

optimal results. 

 

Keywords: IT-induced Innovation, Open search, Case studies, Open innovation 

 
1. Introduction 
External search has played a critical role in the innovation process, especially in the research 

and development (R&D) settings (e.g., Berchicci 2012). Past studies have shown that firms 

must acquire and exploit new scientific knowledge and technological developments from the 

external environment in order to innovate and compete (Escribano et al. 2009). This external 

environment includes sources such as customers, suppliers, universities, research institutions, 

industry consortia, and even rival firms (Chesbrough 2003). Conventional external search work 

emphasized the role of a small number of individuals, such as those holding managerial 

positions in R&D departments, to act as boundary spanners between the firm and its outside 

environment through personal and professional networks (e.g., Katz and Tushman 1981). 

 

However, the practices and strategies of these boundary spanners have been transformed by the 

advancement in information technologies (ITs). The advancements in IT have changed the 

workplace. Employees at all levels are equipped with various IT tools for open search. This 

expansion and added complexity in the role of boundary spanners, along with the physically and 

virtually broadened search domains, pose new challenges to firms in managing their open search 

processes. First, searching knowledge from a wide range of less known external sources is a 

source of significant risk for any innovation project. For example, building the search activities  

on unfamiliar and potentially unsatisfactory technologies or partners threatens the effectiveness  

of the innovation process. These transformations are making many R&D managers increasingly 

concerned with the difficulty of finding the right partners in open innovation projects (Enkel et 

al. 2009). Second, the new levels of complexity in external search processes require 

organizations to build their own internal capabilities and expertise, and to set up appropriate 
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governance mechanisms that can enhance their exploration abilities and their absorptive capacity. 

 

However, given the new and rapid transformations in the tools and roles adopted by boundary 

spanners in open search activities, there is a need for a more processual understanding of the 

mechanisms  of different  IT-enabled open search patterns  and  their  impacts  on  

organizational innovation. Such an understanding will be more conducive to developing 

conceptualizations that are more adapted to the rapid shifts in open search practices and 

governance structures. Therefore, in this study, we make some first steps towards developing 

such an understanding by using rich data from multiple case studies of large organizations in 

China. The case analysis allowed us to develop a typology of IT-enabled open search patterns, 

including differentiated and distributed patterns. We developed a theoretical exposition of open 

search work by 1) evaluating the impact of each open search pattern on efficient search 

outcomes; 2) understanding appropriate IT mechanisms for each identified pattern. Through 

this study, we seek to contribute to building a middle-range theory of open search by shedding 

light on the different patterns of open search and their varying impact on search outcomes. Our 

findings can also provide useful insights to top management to design their innovation units 

effectively to achieve optimal results. 

 
2. Literature Review 
2.1 Open Search 

The ability to acquire, absorb, and exploit knowledge from external sources is an increasingly 

necessary condition for organizations to innovate (Laursen and Salter 2006). Many 

organizations are consequently developing these open search capabilities in order to ensure 

survival or growth. In such a setting, ordinary R&D employees are not directly connected with 

external sources of knowledge but through a small group of people who play as “boundary 

spanners” because of the underlying assumption that external information sources are scarce and 

difficult to access (Allen 1977). According to prior literature, boundary spanners in this setting 

tend to occupy managerial positions in the R&D department (e.g., Pawlowski and Robey 2004). 

They are both external and internal stars as well as the decision makers. Internally, they are more 

likely to have longer organizational tenure to develop one’s communication network within the 

firm. 

 

Open search differs among firms in terms of the search distance and is classified as local search 

and distant search. In local search, firms use knowledge that is closely related to their pre-

existing knowledge base (Katila and Ahuja, 2002). As a result, the returns to local search are 

more reliable and the outcomes more predictable than those of distant search. Research finds 

that firms that primarily engage in distant search are good at discovering new solutions and 

adapting to a changing environment. Rosenkopf and Nerkar (2001) explore the role of boundary 

spanning searches for both organizational and technological boundaries and find that search 

processes that do not span over organizational boundaries generate lower effects on subsequent 

technological evolution, indicating that the impact of explorative search is greatest when the 

search spans both organizational and technological boundaries. 

 

2.2 IT and Open Search 

Many researchers have highlighted the role of IT in vastly increasing the ability of firms to work 

across different geographic and organizational boundaries (Dodgson et al. 2003). Innovations in 
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IT improve the way knowledge is stored and retrieved. IT, by lowering the cost of 

communication, also provides increased access to the codified knowledge of others. To put it in 

terms of our search landscape, IT enables a broader coverage of the search space by effectively 

reaching more firms or individuals whose expertise the focal firm potentially lacks, and who 

may be located on distant peaks, and it improves the ability of these firms or individuals to solve 

problems. The impact of IT arguably plays a particularly important role in the production of 

knowledge. 
 

ITs such as search engines, electronic communication tools and intra and inter-organizational 

systems have become obligatory passage points for most R&D employees at different 

hierarchical levels who are seeking to source external knowledge and disseminate it to other 

employees within their organization (Teigland and Wasko 2003). In addition, the utilization of 

some newly developed IT tools (e.g., data mining techniques) in external search has transformed 

external search practices. On the other hand, other developments in ITs such as the emergence 

of open source communities and crowdsourcing platforms have broadened the scope and the 

distance of external search. As a consequence, the number and variety of boundary spanners 

needed in every R&D organization expanded significantly, and the processes of boundary 

spanning accumulated several levels of complexity. While prior literature provides valuable 

insights on conventional work of external search, there are some gaps limiting our understanding 

on the new IT-enabled open search patterns. 

 
3. Research Methodology and Context 
3.1 Data Collection 

Two firms leading in open innovation were selected. Case firm A is a leading consumer product 

firm while case firm B operates in the solar energy product area. Such a selection makes our 

findings more robust and generalizable than selecting single case (Eisenhardt and Graebner 

2007). The qualitative data were collected through three sources: (1) interviews with key 

stakeholders, (2) onsite observations of innovation products and work places, and (3) archives 

including media and corporate materials. Such triangulation bolsters confidence in the accuracy 

of the findings. In total, 11 onsite interviews were conducted from two leading firms in open 

innovation. Each interview last 45-60 minutes, and was taped and transcribed. To address 

potential informant bias, we triangulated data from multiple sources and informants for a firm.  

At least two evidences were used to support each finding (Myers 1997). Furthermore, we gave 

anonymity to our informants and their firms, which encourages candor. 

 

3.2 Data Analysis 

The transcribed field notes and interviews were coded by three researchers, who then met to 

discuss the codes to ensure the interpretation consistency. An initial set of coding themes was 

derived based on our objective to understand the open search work and its evolution. The  

findings were moved back and forth between empirical data and conceptual themes. This process 

ended when “theoretical saturation” was reached, where the incremental improvement on the 

research findings became minimum (Eisenhardt 1989). 

 
4. Research Findings 
As a research in progress, our preliminary research findings are summarized in this session. 

 

416



 

  

4.1 Differentiated Open Search 

From our case firm A, we observed what can be termed a differentiated open search pattern. 

This pattern was characterized by functional specification in task allocation, such that a specific 

group of specialized employees were assigned to the sourcing task; taking responsibility of 

acquiring and disseminating external knowledge. 

 

Open search impact: The sourced technology through this pattern tends to be satisfactory and 

effective. Employees in the sourcing unit looked at areas that are usually ignored by the  

managers and R&D employees. It included some start-ups, small and medium enterprises and 

even pioneering individual innovators. For example, case firm A had initiated open innovation 

projects with several innovative start-ups. As suggested by its technology director, “our 

sourcing unit once found an advanced heat storage technology in Australia. We used it in one 

of our new products, which was absolutely new to the Chinese market”. Moreover, employees 

in the sourcing unit were able to target technology that was located in firms from unfamiliar 

domains to develop new and radical products, not only from the firm’s perspective but also the 

market’s perspective. However, this search pattern brought uncertainty to the firms. As 

mentioned by the innovation project manager, “since we look for latest technology located 

anywhere, sometimes  we cannot fully understand it. We had to take risks to be innovative.” 

 

Role of IT: ITs supported and enhanced the sourcing unit’s external knowledge sourcing 

capability by enhancing the speed, intensity, and directionality of knowledge identification and 

selection. The intelligent mechanisms built into search and retrieval technologies, together 

with the sophisticated data structuring, indexing, and tagging techniques, helped navigate the 

knowledge acquisition process in the right direction quickly. The intelligent data-mining tools 

included automated search mechanisms to find useful knowledge in public databases, 

publication and patent analyses as well as trending curves. Furthermore, IT  also supported 

the sourcing unit to organize and store the acquired knowledge in ways that facilitate future 

retrieval and usage. For instance, informants mentioned the use

 of organizational memory systems, multi-dimensional databases, 

and data warehouses to store various forms of data, information,  and knowledge. ITs also 

bridged the gap between the sourcing unit and the R&D department by providing boundary 

objects that created space for shared meaning and supported coordination  and communication 

across different search domains. For example, in one case firm, a visualization suite was used 

to test representations of product designs; a 3D computer-aided design (CAD) system which 

can simulate and model prototypes helped build understanding between employees in the 

sourcing unit and the R&D employees. According to a senior engineer, “We have a better idea 

of R&D unit’s requirements with the illustration of a CAD design of the new product, even 

when their requirements are changing quickly. The CAD drawing can be altered accordingly 

and be demonstrated to us to facilitate our sourcing task.” 

 
4.1 Distributed Open Search 

We observed what can be termed a distributed open search pattern in our case firm B. In these 

firms, the R&D employees were equally engaged in the open search activities besides their 

traditional R&D work. This work pattern reflected an organic organizational form (Burns and 

Stalker 1961), which is characterized by role flexibility and lack of formally defined tasks. 
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Open search impact: Our cases indicated that distributed open search pattern brings 

complementary knowledge to the organizational internal knowledge with speed and flexibility, 

hence, accelerated time to market of the new product. As expressed by a project manager “When 

we were developing a new product, we found our old cooling technology did not meet the 

requirements. One of our R&D employees found a firm with relevant technology from the 

directory of the Railway Industrial Association, which quickly solved our difficulty.” 

 

Role of IT: ITs provided employees with interconnected networks and systems to enhance 

interactions, gain knowledge access and share knowledge both internally and externally. For 

instance, case firm B used electronic networks of alliance partners and collaborators to support 

and cultivate inter-firm knowledge synergies. They also used ITs to capture knowledge about 

customers, business partners, inter-firm operational processes and other significant sources of 

organizational intelligence. For instance, the supply chain management system and the customer 

relationship management system facilitated information flows across geographical regions and 

value network partners (e.g., suppliers, customers). RSS technologies also helped employees 

synthesize and share information from multiple sources while wikis and blogs opened up new 

opportunities to integrate knowledge and ideas coherently, accelerating knowledge discovery 

and innovation. We also learnt from our interviewees that, “The internal e-community of practice, 

Web conferencing, and groupware systems were instrumental in cultivating social interactions 

and connectedness among R&D employees.” Intranets, message boards, electronic message 

software, and chat rooms helped with communication and coordination. Enterprise resource 

planning and knowledge management systems helped build an internal expertise map and 

enhanced the firm’s ability to accomplish internal assimilation. 

 
5. Discussion 
5.1 Theoretical Implications 

This study aims to develop a conceptual framework that can provide a hitherto lacking  

theoretical understanding of the IT-enabled open search. First, we contribute to the literature on 

open innovation by unveiling the mechanisms of two IT-enabled open search patterns: 

differentiated and distributed. Second, this study contributes to the boundary spanning literature 

by highlighting the multi-level nature of boundary spanning processes. In the context of open 

search in R&D organizations, current advances in IT have altered information flow patterns, 

enabling employees at all levels to act as boundary spanners by accessing external knowledge 

and technology with relative ease. These changes are increasingly leading to the amalgamation  

of key roles of boundary spanners. Third, this study explicates the differentiated roles of IT in 

open search. IT became the basis of a wide range of open search mechanisms such as  

information search, communication, scouting, visualization, and knowledge sharing. These 

mechanisms have varied significance across the different open search patterns and this variation 

can be a basis for explaining the variation in the impact of IT in open search processes. 

 

5.2 Practical Implications 

The findings of this study can provide managers with a conceptual basis on which to categorize 

their open search patterns, thereby enabling them to mindfully select work arrangements that 

would be more congruent with their open innovation objectives. First, the two open search 

patterns (differentiated and distributed) can offer managers a means to evaluate and explain the 

varying impacts of different open innovation projects. Hence, their selection of an open search 
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strategy can be targeted at cultivating the appropriate search pattern for the desired open 

innovation outcomes. Second, given the different roles of ITs, this research offers some 

important insights for managers in making investments on expensive IT applications. For 

instance, for firms keen on radical innovation, managers may consider investing in data mining 

techniques, or open innovation portals to support differentiated open search. For firms that want 

to cultivate collaborative innovation opportunities in peripheral networks with suppliers or 

customers, investment in intra-firm and inter-firm systems would be a beneficial choice. 
 

In conclusion, open innovation is a major feature of the increasingly competitive and fast-paced 

global business environment precipitated by new technological developments. Our study took a 

deep and contextual look into how firms navigate the different search patterns through ITs and 

how these patterns impact the search outcomes. Our study is a first step towards examining open 

search work induced by the substantial increase in IT-supported search techniques. 
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Abstract 

 

With the rapid advancement of online social network(OSN) and the endless privacy violations, 

research on privacy protection, which uses technical and organizational approaches, has attracted 

considerable interests. In addition to the traditional approaches used to address privacy protection, 

there is a paradigm shift toward using a game theoretical approach to solve the problem by 

considering the trade-off between protection and attack. However, existing research seldom 

consider the problems including bounded rationality, conflict between privacy protection and self-

profit maximization. In this paper, we use evolutionary game theory to study the optimal strategies 

of privacy protection and the conditions under which strategies are ESSs (Evolutionary Stable 

Strategies). Additionally, MATLAB simulations is used to verify the results of game-

theoretic analysis. At last, countermeasures and suggestions of privacy protection in OSN are 

illustrated from two perspectives. 

 

Keywords: evolutionary game, OSN, privacy protection, profit 

 

1. Introduction 

With the rapid development of Information and Communication Technologies (ICT), social 

networking websites and mobile applications have exploded in popularity. Statistics report shows 

that there are nearly 2.1 billion OSN users worldwide by the end of 2015. In big data environment, 

OSN with a sea of users vastly expands communication circle and social graph, rapidly 

accelerating information dissemination and sharing. However, it has privacy concerns that users 

are ‘deceived’ by social platforms who covertly gather and use personal information. Quechup 

(kway-chup), a social networking website, used automatic email invitations for viral marketing to 

all the e-mail addresses in its members' address books, which was described as a "spam campaign". 

Facebook put approximately 150 million users’ personal details in ads on the site without their 

permission, which were sued by users. Therefore, it has become a challenge to develop an effective 

mechanism for privacy protection of OSN involving users and platforms.  

Existing studies on privacy protection mainly focused on technical aspects. Based on k-

anonymity and Voronoi diagrams, a framework was proposed allowing users to express service 

requirement and privacy requirement by specifying a region and an  appropriate value of k (Yang, 

Yin et al, 2015). SPOC, a framework based on an attribute-based access control, was developed 

for mobile healthcare emergency, minimizing the privacy disclosure during the opportunistic 

computing (Lu, Lin et al, 2013). Coupled with encryption and access control, a peer-to-peer 

approach was proposed to replace the centralized authority of OSNs and prevent privacy violation 

(Buchegger,  Schioberg et al, 2009). Via differential privacy, an efficient non-interactive 

approach was presented for publishing correlated network data (Chen, Fung et al, 2014). Despite 

being technically possible, the economical optimization of privacy protection is not considered. 
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Some privacy literature employed game theor

y involving the effects of costs and profits (Shokri, 2015;Wang and Yang et al, 2015). However, it 

is difficult to make the optimal strategies based on one-shot game because the interaction between 

users and platforms is a long and dynamic adjustment process and agents are bounded rationality 

in practice.  

In contrast to prior work that most focus on resisting external attacks from hackers, this paper 

considers internal privacy concerns. For example, users may overshare sensitive information 

online for self-expression and social recognition, and platforms are likely to proactively sell users’ 

information to marketers illegally for great potential commercial value. We propose a parametric 

evolutionary game model to analyze the strategy-choosing process in the cyber users-platforms 

interaction and study the impact of parameters. In choosing strategy, both users and platforms base 

on optimizing self-profit. Moreover, it is worth notice that since our model is evolutionary, the 

users- platforms game allows evolving strategies to reach the realistic stable point without 

requiring perfect rationality.  

The rest of this paper is organized as follows. In section 2, we construct an evolutionary model. 

The equilibrium of the model is analyzed in section 3. Section 4 performs the simulation to 

illustrate concrete examples. Finally, we conclude the paper and propose several suggestions for a 

reference of privacy protection of OSN.  

 

2.Evolutionary Model of Privacy Protection  

    Hackers who maliciously steal  information for illegal profit, are completely opposite to 

users and platforms. It depends on technology against privacy concerns, which existing research 

has primarily considered. However, according to the sharing features of OSN, users and platforms 

can be cooperative and reciprocal for improving social benefits/economic return. Therefore, this 

kind of privacy protection is supposed to base on strategy game of two agents. We assume both of 

them have two strategies. Users have two strategic choices: “share” and “not share”. “Share” 

means user A shares his personal information such as his address, habits and telephone number, 

with social network platform and other users. “Not share” means the user keeps his information 

private. Platforms have two strategic choice: “exploit” and “not exploit”. “Exploit” means platform 

A exploits users’ information which has been stored in his own databases, including analyzing, 

mining, selling, etc. “Not exploit” means the opposite. Here, we define the parameters as follows: 

(1)The original value of users’ raw information is defined as ( 0)F F   ,which varies depending 

on its accuracy, diversity, etc. 

(2)If platforms choose ‘exploit’, their profits are positively related to technology level of 

exploitation ( 0)   . Then, users may derive benefits (e.g., personalized content customization, 

friend recommendation et al) or suffer damages (e.g., privacy disclosure, harassment of spam et 

al) from exploitation. The coefficients of benefits and damages are   and   respectively. 

(3)If platforms choose ‘exploit’ while users choose ‘not share’, the exploitation is illegal for being 

against users’ willings and invasion of personal privacy. The probability of being detected by the 

regulators is (0 1)   . The platforms would be charged a penalty fee f , and users would get 

compensation R . 

(4)Let us Denote m  as a trust degree. If ( 0)m  , users can get trust benefits when they share 

information. If ( 0)m  , they may have trust loss of privacy because they are afraid that platforms 

can not secure their publicly available information absolutely. 
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(5)Denote ( 0)    as social platforms’ level of influence which contributes to disseminating 

information and expanding communication circle, bringing users social benefits. 

(6)If users choose ‘share’, they can get incentive reward from platforms. For example, users can 

gain more privileges by sharing more genuine information. ( 0)K K   represents the reward and 

( 0)C C   represents platforms’ reward cost. The higher the reward is, the higher the cost is.  

    Based on the above assumptions, the game payoff matrix for users and platforms can be 

deduced as Table 1. 

 

 

 

 

 

 

 

 

 

 

 

3.Equilibrium analysis 

In the previous section, we presented a basic evolutionary game model. An equilibrium 

analysis of this model will be elaborated in the current section. 

 

3.1 Equilibrium Points of Model 

We let the population of platforms choosing ‘exploit’ be x (0 1)x  . Therefore, the population 

of platforms choosing ‘not exploit’ is 1 x . Similarly, the population of users choosing ‘share’ is 

y (0 1)y   while the population choosing ‘not share’ is 1 y .  

According to the assumptions in the previous section, the expected profit of platforms that 

choose ‘invest’ and ‘not invest’ can be given respectively, as follows: 

 1 ( ) (1 )( )YE y F C y F f           (1) 

 1 ( )NE y C                          (2) 

    Thus, the average expected profit of platforms can be written as follows: 

   1 1 1(1 )Y NE xE x E                   (3)  

    According to the Malthusian dynamic equation (Webull, 1995), the replication dynamic 

equation is as follows:  

1 1( ) ( )

        (1 )( )

Y
dx

G x x E E
dt

x x F f fy 

  

    

          (4)       

    Similarly, the expected profit of users that choose “share” and “not share” can be given 

respectively, as follows: 

2 [ ( ) ]

           (1 )[ ]

YE x K mF F F

x K mF F

  



    

     
  (5)       

    2 [ ( ) ]NE x R F                 (6) 

    The average expected profit of users can be written as follows: 

Table 1 The payoff matrix 

 

Platforms 

exploit not exploit 

Users 

share 
( ( ) ,

)

K mF F F

F C

     

   
( ,

)

K mF F

C

 



 

not 

share 

( ( ) ,

)

R F

F f

  



 

 
 (0,0)  
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        2 2 2(1 )Y NE yE y E             (7) 

    Its replication dynamic equation is as follows: 

2 2( ) ( )

        (1 )[ ]

Y
dy

G y y E E
dt

y y K mF F Rx 

  

    

     (8) 

According to Eqs.(4) and (8), the two-dimensional dynamic system of users and platforms can 

be defined as follows: 

1 1

2 2

( ) (1 )( )

( ) (1 )[ ]

Y

Y

dx
x E E x x F f fy

dt

dy
y E E y y K mF F Rx

dt

 

 


      


       


      (9) 

The expression in Eq. (9) can be used to derive the evolutionary path of mutual strategies. 

When Eq.(9) satisfies ( ( ), ( )) ( , ) (0,0)
dx dy

G x G y
dt dt

  , we can attain five equilibrium points - (0, 

0), (0, 1), (1, 0), (1, 1), (A,B)- that correspond to equilibria of the dynamic system. (A,B) is a 

mixed equilibrium point where  
K mF F

A
R





 
 , 

f F
B

f






 .  

 
3.2 Stability Analysis of Equilibrium Points 

The stability of equilibrium points can be  

analyzed using Jacobian matrix (Friedman, 1991). The Jacobian matrix can be defined as follows: 

11 12

21 22

( ) ( )
 

 

( ) ( )  
 

G x G x

a ax y
J

G y G y a a

x y

  
    
    
    
   

    (10) 

In Eq.(10), the variables of matrix are written respectively, as follows: 

11 (1 2 )( )a x F f fy       

12 (1 )a x x f 
 

    21 (1 )a y y R  
 

22 (1 2 )[ ( ) ]a y K m F Rx       

We can examine the stability of equilibrium points by following the condition that is 

illustrated as follows: 

(1)
11 22 0trJ a a   ; 

(2) 11 12

11 22 12 22

21 22

det 0
a a

J a a a a
a a

   

 

Table 2 Values of equilibrium point 

Equilibrium points 11a  
12a  

21a  
22a  

(0,0) F f   0  0  ( )K m F   

(0,1) F  0  0  [ ( ) ]K m F    
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From the above condition, we can compute the values of the equilibrium points that are shown 

in Table 2. (A,B) is not satisfied under the above condition because 11 22 0a a  . (0,1) is not satisfied 

because 
11 0a F   . Other equilibrium points will be ESSs, whereas the values of parameters are 

satisfied under the following different conditions.  

When ( ) 0K m F   , 0F f   , the sum of incentive reward and social benefits is 

less than the distrust loss. Simultaneously, the expected penalty of platforms is larger than the 

profit brought by exploitation. Therefore, (0,0) is an ESS and, platforms and users will choose (not 

exploit, not share).  

When ( ) 0K m F R     ， 0F f   , the expected compensation of users is larger than 

the sum of incentive reward, perceived benefits (or losses) and social benefits while users choose 

‘share’. Platforms still can get positive profit after deducting the expected value of penalty fee. 

Therefore, (1,0) is an ESS and, platforms and users will choose (exploit, not share). 

    When ( ) 0K m F R     , the expected compensation is less than the sum of incentive 

reward, perceived benefits (or losses) and social benefits. Therefore, (1,1) is an ESS and, platforms 

and users will choose (exploit, share).  

Based on the above stability analysis, we find the impact of parameters on decisions, as 

follows: 

(1)Improving trust degree m , social platforms’ level of influence   and incentive reward K  

can promote sharing. 

(2)The coefficients of benefits   and damages   caused by exploitation don’t affect users’ 

strategy choice directly, and yet they increase or decrease users’ perceived security for sharing 

which will change trust degree m .  

(3)Improving penalty fee f   and compensation R   have a positive effect on choosing ‘not 

share’. 
(4)The higher level of privacy technology is, the larger profit the exploitation can bring for 

platforms is, which also can promote exploitation. Whereas intensify the level of supervision   

and penalty f  can curb illicit exploitation.  

(5)Despite reward cost C  erodes platforms’ profit, it does not affect their strategy choice.  

 

4.Simulation Results 

Our game equilibria provided a detailed exposition of the game model and its properties. In 

this section, we derive our numerical results from the game analysis. The MATLAB simulations 

support the game-theoretic techniques analyzed in this paper.  

In the first scenario, we set 1K  , 5m  , 3  , 8F  , 5R  , 0.7  , 0.8  , 10f  . Fig.1 

shows the proportions of users and platforms in the initial population who respectively choose 

‘share’ and ‘exploit’ gradually tend to 0 in the long evolutionary process, converging to the 

equilibrium (not exploit, not share) eventually. In this case, users’ willing of information protection 

is satisfied. However, their private information may be over-protected, which hampers data sharing 

(1,0) ( )F f    0  0  ( )K m F R     

(1,1) F  0  0  [ ( ) ]K m F R      

(A,B) 0  
(1 )A A f  (1 )B B R   0  
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and more valuable knowledge mining, Over-protected of privacy significantly hinders the further 

development of OSN. 

 
Fig.1 Simulation of ESS point (0, 0) 

By setting 1K  , 5m  , 3  , 2F  , 5R  , 0.3  , 0.8  , 2f  , we can see that after 

playing the stage game some number of times, agents converge to the equilibrium (exploit, not 

share) in Fig.2. Obviously, platforms’ behavior is against users’ willings, generates high risk of 

personal information disclosure and trafficking.  

  

Fig.2 Simulation of ESS point (1, 0) 

Furthermore, we set 1K  , 1m , 3  , 2F  , 5R  , 0.7  , 0.8  , 2f  . As shown in 

Fig.3, the evolutionary stable strategy is (exploit, share). In this case, both sides benefit from this 

equilibrium-users improve social benefits and platforms improve economic return. 

 
Fig3 Simulation of ESS point (1, 1) 

 

5.Conclusion 
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This paper uses a quantity-setting duopoly evolutionary game model to investigate when 

platforms and users choose the optimal strategy for privacy protection. We examine the conditions 

under which the chosen strategy is an evolutionary stable strategy. Additionally, we verify the 

theoretical results with a numerical simulation. Based on our findings, we further provide the 

suggestions of privacy protection in OSN:  

For over protection, the key is prompting users to take the initiative to share. (1)Keeping the 

profit of users increasing continuously. Keeping accumulated profit in repeated game brought by 

exploiting information positive helps improve users’ trust in platforms and prompts users to share. 

(2)Providing incentive reward to new users. Because reward is positively related to cost, it is 

impractical for platforms to invest for regular users’ extreme distrust after a number of repetitions 

of the stage game. Therefore, incentives are only effective and practical to new users for their trust 

degree is close to 0. (3)Enhancing social platforms’ influence. Expanding user bases and 

optimizing communicating process ,etc, can help users locate people who have the same interests 

and form more relationships, increasing the social benefits of users. 

For lack of protection, the third-party supervision is indispensable because it is difficult to 

ensure platforms protect information security voluntarily. The measures to intensify supervision 

include two aspects: regulator should improve efficiency of monitoring, government should 

establish comprehensive punishment mechanism and strengthen the penalty.  
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Abstract 
 

Financial distress prediction has been a significant issue for a long time, and varied prediction 

models were constructed to avoid firms’ financial deterioration. Previous studies indicated that less 

attention has been paid on the text information in financial reports and imbalanced data problem. 

To achieve higher prediction accuracy, this research proposed an improved financial distress 

prediction model based on text information utilizing imbalanced data classification methods to 

predict whether a company receive a special treatment label in the coming years., Besides 39 

financial indicators, some sentiment indicators are constructed by financial texts to find causal 

links between sentiment information and companies’ performance, and content-specific indicators 

are introduced by text mining techniques in order to examine the impacts of keywords/phrases on 

financial distress prediction. Meanwhile, three time spans are  set and compared. Our experiment 

results indicate that the proposed model performs more effectively than the ordinary in financial 

distress prediction. 

 

Keywords:  Financial distress prediction, Imbalanced data classification, Annual report 

 

 

1.Introduction 

Financial distress which always leads a profit decline to companies not only threatens the benefits 

of corporate investors and creditors, but also shakes the macroeconomic stability. It is universally 

recognized that a prediction model which gives chances to listed companies to guard against financial 

risks that make sense. Prediction of ST provides an earlier warning about bankruptcy by reminding 

the firms to pay attention to their profitability and other operating activities(YANG and CHEN 2011). 

Under the listing rules, many researchers have established kinds of financial distress prediction 

models by predicting whether a listed company will receive a special treatment label in the next few 

years, while, a more reasonable and effective financial distress prediction model was still needed by 

listed companies so that their financial status can be correctly revealed in advance and the healthy 

and sustainable development can be ensured(Balakrishnan, Qiu et al. 2010). Therefore, predict 

financial distress in a proper way to improve  prediction  accuracy  make  important  significance. 

According to existing studies, prediction models were constructed from various angles. A prediction 

model was built based on 31 financial indicators by accounting information to  disclose the 

relationship between financial distress and financial indicators(Geng, Bose et al. 2015). 

Distinguished from financial indicators, the important role of sentiment indicators which derived 

from annual reports in forecasting financial risks was claimed(Hajek, O lej et al. 2014), terms such 

as positive, negative, strong and weak were extracted to identify sentiment of document, as a result, 

non- linear relationships between the sentiment and financial distress was also confirmed(Hájek, O 

lej et al. 2015). Since financial reports for instance annual reports, are easy to get, the related research 

also focused to conduct modeling in view of text mining(Chan  and Chong 2016), it proposed a 

prediction method based on contextual information to analyse differences  between  companies  
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faced financial distress and those of healthy companies via assessing representativeness of keywords 

in annual reports. However, the improvement of accuracy and effectiveness in these models were 

limited in actual fact, many other extensive modeling perspectives are required for this research 

topic. 

Prediction of financial distress was transformed into binary-class issues with machine learning 

methods in previous studies and various base classifiers were utilized so as to seek the best 

performance one by comparision(Huang, Chen et al. 2004). However, few concerns have been paid 

to the problem of class imbalance between normal and abnormal listed companies as  far as financial 

status which was proved to severely disrupted classification performance(Sun, Song et al. 2015). In 

this study, financial distress prediction model is established from a novel angle: considering the 

imbalanced distribution of financial documents in text classification. We employ three popular 

imbalance handling methods including Over Sampling(OS), Under Sampling(OS) , SMOTE and 

three categories of ensemble methods Bagging, Boosting and Random Subspace(RS) to address the 

imbalance problem. By collecting annual reports of 1726 listed companies from three time spans, 

3 years (T-3), 4 years (T-4) and 5 years (T-5) before the companies received a Special Treatment(ST) 

label(Geng, Bose et al. 2015), we take both content-specific   features  and content-free  features  into  

consideration(Zheng,   Li  et al. 2006). 

Accordingly, when considering imbalanced classification, three features are respectively 

constructed in the proposed improved model, financial indicators, sentiment indicators and Unigram 

to explain the three following questions: whether the text information from annual reports enhances 

the accuracy of the financial distress prediction results? According to information including content- 

free and content-specific, which one can predict financial distress more  accurately.   From 3 time   

spans, which  can achieve  the highest   prediction  accuracy? 

 
2．Research framework  of financial  distress prediction 

In this study, firstly, the 39 financial indicators were introduced from financial reports as a non- 

financial feature F1. In addition, these indicators reflect the companies’ operating conditions in 6 

different aspects. Secondly, as a content- free feature, F2 consists of 10 kinds of sentiment indicators 

which depends on term frequency, then, such sentiment terms like positive, negative, strong, weak 

and so on were extracted from annual reports to assess the impact of sentiment’s effects on financial 

distress prediction(Hájek and O lej 2015). Thirdly, in view of the fact that much text information 

which was confirmed to be one of the most important determinants to forecast financial risks in prior 

studies abounds in annual reports, a Unigram model was used to build another feature F3 adopting 

bag of words (BOW). At last, we use method of information gain to make feature selection for F3 

under a threshold of 0.002(Lin, Liang et al. 2011), finally, some of the most representative features 

were left to reveal connections between text information and financial  distress  prediction. 

Issues on imbalanced data classification are generally occurred in the research domain of financial 

distress prediction , besides, previous studies presents that the minority class tends to show more 

interest as well as importance than the majority class(López, Fernández et al. 2013). Consequently, 

people who predict financial distress without methods eliminating effects of imbalance, the 

prediction accuracy is likely to decline on the condition that the minority class is always misclassified. 

In the situation that the number of the ST companies is far less than the  other one, employing 

methods in the light of imbalanced binary classification problems will help the model get a better 

prediction result. Sampling based methods like Over Sampling, Under Sampling and SMOTE are 

most commonly used to improve classification accuracy, yet the improvement is limited for  missing 

original information by sampling(Hwang, Park et al.  2011). 
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Moreover, ensemble learning methods perform successfully in binary classification problems, to 

cover the deficiency of sampling, we take use of ensemble methods bagging, boosting and Random 

Subspace simultaneously to make the classification results more stable(Shin, Lee et al. 2006). 

 

Figure  1 Research framework 
 

3.Experimental  design 

 

In order to verify the validity of the proposed financial distress prediction model, we selected 1726 

listed companies from CSMAR (China Security Market Accounting Research) database due to some 

data losses. In our experiment, 129 companies those labeled as ST are formed  to  minority samples, 

while,  the rest of the  1597 companies  are  formed  to  the majority class samples. Data from 

different 3 time spans was input respectively into the financial distress prediction model to compare 
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their effectiveness from 3 years to 5 years ahead. To completely analyze effects caused by links of 

3 features on prediction model, we combine 3 features in 3 forms F1+F2, F2+F3 and F1+F2+F3 on 

the basis of the origin. In conclusion, there are 6 kinds of features  in  our experiment   in total. 

As one of the best effective classifiers in many classification applications, the SVM  (Support 

Vector Machine) also functions well in financial distress prediction. Benefiting from principle of 

the least structural risk, SVM can perform effectively in the face of complex classification models 

as before. For the sake of advantages mentioned above, we select SVM as the base classifier in our 

experiment. Three sampling methods, Over Sampling, Under Sampling, SMOTE, were 

implemented respectively with the base learner SVM, at the same time, three ensemble methods, 

Bagging, Boosting, and Random Subspace were conducted to compare with the  sampling  one. 

The evaluation standards area under curve (AUC) are frequently used to  measure performance of 

classification models. which provides a more intuitive measurement of which the horizontal X-axis 

means false positive rate(FPR) and the vertical Y-axis means true positive rate(TPR), the probability 

value of a classifier always lies between 0.5 and 1, so a bigger value of AUC means a better 

classification performance. To Maximization the stability of classification results, 5- fold cross 

validation was conducted ten times on the 18 datasets. At last, the average test results  were 

calculated   as the  outputs  of the  10-fold  cross validation. 

 
4.Experimental  results and discussions 

 

Among the experimental results from 6 kinds of features under the AUC assessment indicator, 

F1+F2+F3 is shown in Table 1 achieved the highest classification accuracy. By contrast, the 

increased AUC percentages(IAP) compares to SVM is listed to measure imbalanced data 

classification  methods’  enhancement   effects  on the prediction   model. 

 

Table  1 Experiment  results  of financial  distress  prediction. 

Time 

spans 
T-3 

 
T-4 

 
T-5 

 

Features F1+F2+F3  F1+F2+F3  F1+F2+F3 

Indicators AUC IAP AUC IAP AUC IAP 

Baseline 89.06% - 87.54% - 91.86% - 

OS 91.12% 2.31% 92.36% 5.51% 93.08% 1.33% 

US 91.08% 2.27% 92.09% 5.20% 92.73% 0.95% 

SMOTE 93.82% 5.34% 92.90% 6.12% 94.24% 2.59% 

Bagging 94.04% 5.59% 92.84% 6.05% 94.36% 2.72% 

Boosting 93.47% 4.95% 91.83% 4.90% 93.84% 2.16% 

RS 95.04% 6.71% 92.30% 5.44% 95.12% 3.55% 

 

Based on the experimental  results,  the  value  of indicators  from  the T-5 time  span is  superior 
to others. Put together to compare  the  three original  features  , we can concluded  that  F3 
reached  the  best results  by the  large,  the  composed  feature  F2+F3 performed  better than 
F1+F2 which illustrated the importance of text information in financial risks prediction. The 
combination of F1, F2 and F3 reached  a highest   classification  accuracy. 
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Figure  2 AUC of RS method  experimental   results. 
 

Among the three imbalanced sampling methods, SMOTE performed better and in three ensemble 

methods, Random Subspace tended to make the highest contribution to classification accuracy as 

shown in Figure 2. In summary, the improved financial distress prediction model achieved higher 

prediction accuracy relatively, and the introduction of imbalanced data classification  methods  

improved   the  model’s  effectiveness  intuitively. 

 
5. Conclusions 

In this study, financial information, sentiment information and text information in annual reports 

were taken into consideration for financial distress prediction, and we proposed a novel financial 

distress prediction model that utilize 3 types indicators based on imbalanced data classification 

methods. For one thing, three imbalanced sampling methods and three ensemble methods were used 

to promote classification accuracy, eventually, the experimental results verified the validation of 

introducing imbalanced classification methods in this research. For another, three categories of 

features. F1 (39 financial indicators), F2 (content- free features), F3 (content-specific features) were 

combined to improve the model’s property in companies financial distress prediction. Through 

experimental results’ analysis, text information promoted classification evidently, so we have 

reasons to believe that the text information from annual reports do enhance the performance of the 

financial distress prediction model. Compared to content- free features (sentiment indicators), the 

content-specific features (Unigrams) achieved a higher classification efficiency, but they improved 

the model’s ability to predict financial distress jointly. Additionally, the partition of time spans in 

this study supported the method tha t using financial  data 5-year ahead to predict  its  financial  

distress  may  reach a better  prediction  effect. 

In the future work of this research topic, except for information mentioned in this paper,  some other 

information is needed to make the financial prediction model more proper as well as robust, 

furthermore, improved classification methods are still needed to increase accuracy of prediction. 
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1.INTRODUCTION 
 

Various enterprise social media (ESM) products, such as Yammer and Cubetree, has emerged in the 

market of application software for enterprises. Many companies implement this technology aiming 

at enhancing communications and interactions among employees. ESM is a type of web-based 

technology used in workplace that enables employees to communicate with specific coworkers, 

broadcast messages, post contents or files and view or edit others’ messages or files (Fulk & Yuan 

2013; Leonardi 2014; Limaj, Bernroider & Choudrie 2016). Similar to the practice of Oostervink, 

Agterberg & Huysman (2016), we focus on ESMs combining many kinds of technologies besides 

instant messaging. ESM differs from various types of information systems. Different from discussion 

forums, instant messaging or email technology, it enables employees to build social connections, 

post contents and others’ messages or activities at the same time (Treem & Leonardi 2012).  It  is  

different  from  knowledge  management  system  as  well.  ESM’s  openness  “makes 

knowledge sharing and communication transparent for others” (Oostervink, Agterberg & Huysman 

2016). 
 

The unique characters of ESM technology intrigue academic researchers’ interests to investigate 

how employees use it in their work and the outcomes it brings about (Leonardi 2013; Leonardi 2015; 

Oostervink,  Agterberg  &  Huysman  2016).  Researchers  found  that  employees’  

social  media experience in daily life, gratifications associated with the accomplishment of tasks 

and the extent that users are using social media to build and establish professional social connections 

at work (Lee et al. 2013) are predictors of using ESM at work. Some other researchers studied what 

factors affected employees’ specific types of behavior in ESM, such as knowledge sharing (Kwahk & 

Park 2016; Rode 2016). For example, Kwahk & Park (2016) showed that employees’ anticipated 

gains in reputation, reciprocal benefits and knowledge-sharing self-efficacy affected their knowledge 

sharing behaviors in ESM positively. 
 

However, these investigations of employees’ behaviors of using ESM in workplace focus more on 

self-motivation or expectancy factors. Technology factors, social influence and context related 

factors are supposed to be important in influencing employees’ usage of information systems as well. 

ESM has distinctive characteristics which may have an impact on employees’ behaviors of using it 

different from that of other information systems. Leonardi (2015) found that using ESM can improve 

the accuracy of employees’ meta knowledge of who knows who and who knows what. This benefit 

may induce employees to communicate with coworkers through ESM more often. The messages or 

files in ESM are available all the time (Leonardi 2013). The low cost of accessing the knowledge and 

tracing the entire process of events may attract employees to use ESM to search knowledge. Thus, 

the effect of various facets of ESM technology on employees’ usage behavior may differ, which 

needs more investigation. 
 

How employees use ESM will also be affected by coworkers’ usage behaviors and context factors, 

such as team characteristics. ESM makes everyone’s activities more observable, which may enhance 
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social influence effects. Besides, the interaction among employees in ESM is dynamic. They may 

observe what others do in ESM and adjust their behaviors continuously. For those who work in teams, 

the higher observability of team members’ activities may help them learn team norms faster and 

modify their behaviors. However, most previous researches utilize survey method to study this issue 

and provide limited information about the dynamic process. To understand employees’ virtual 

behavior in ESM better, it is necessary to study the dynamic process of the change of employees’ 

behaviors in ESM when they communicate with others and work in various teams. 
 

To sum up, this research project aims to investigate how employees’ usage behavior is affected by 

ESM characteristics through the affordance perspective and how it is influenced by social factors and 

team contexts dynamically. The research project contributes to the stream of literature on information 

systems adoption and usage and the research on antecedents and mechanisms of employees’ virtual 

behaviors. In the following sections, we introduce our research framework and applications. 
 

2.RESEARCH FRAMEWORK 
 

This research framework tries to learn about how employees use ESM in their work from the 

perspective of technology affordance and then through dynamic interaction among employees. To 

investigate this issue, we consider technology context, dynamic process and team context. Figure 1 

illustrates the framework. 
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Figure1. The research framework 

Research topic 1: visibility affordance of ESM & employees’ usage intention  

 

Some previous researches investigate what influence employees’ usage of ESM in work and focus 

more on self-motivations. Technology is another important factor which receives limited attention 

from academics in ESM field. This research topic tries to study this issue through an technology 

affordance perspective. 

 

Affordance refers to action possibilities toward an object or environment. Many academics in the 

field of information systems research investigate the affordances of various information systems 

used in workplace or in daily life and their influence on users. Treem & Leonardi (2012) suggested 

that ESM enabled four affordances: visibility, persistence, editability and association. ESM made 

“users’ behaviors, knowledge, preferences and communication network connections that were once 

invisible (or at least very hard to see) visible to others in the organization”. Persistence referred to 

the continuous availability of past conversion that enabled further restructuring. ESM also assisted 

users to edit contents at any time before others viewed them. Users could establish connections with 

coworkers in ESM, which was referred to as association. 

 

Oostervink, Agterberg & Huysman (2016) proposed that the characteristic of openness of ESM 

was unique. This characteristic conforms to the implication of visibility affordance. All employees 

can view the contents and various activities created in ESM. However, the visible activities are 

heterogeneous, which may result in different effects on employees. For example, many employees 

may make comments for the content created by their coworkers. This activity (i.e. making 

comments) may be viewed as a positive reaction indicating that others support such activity of 

creating contents in ESM and this type of contents is popular. Nevertheless, for employees who 

work in teams, their teammates’ way of communication may indicate the teams’ norms. Viewing 

the different types of activities of others may bring about benefits or harms in different aspects. 

Viewing others’ comments for contents created by an employee may activate him/her to create 

more similar contents, while viewing conversations among teammates may help an employee 

adjust his/her behavior in the team and adapt to the team norms. Thus, it is necessary to 

differentiate visibility of heterogeneous contents or activities, i.e. distinguish what is visible to 

employees. 

 

In summary, research topic 1 focus on factors related to the technology context and their effects on 

employees’ usage  intention  through  technology  the  affordance  perspective.  We  aim  to  

identify different dimensions of visibility affordance. Then we try to investigate the diverse effects 

of these dimensions on employees’ intention to use ESM to conduct various activities in an 

organization. This study has both theoretical and practical implications. It makes contributes to the 

line of ESM adoption and usage research by introducing different dimensions of visibility as 

antecedents. Practically, this research may provide guidance for the design of ESM software. The 

software suppliers can enhance some features and provide better products. 
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Research topic 2: dynamic interaction among employees & employees’ usage behaviors 

 

Besides self-motivation and technology factors, social influence and team contexts are important 

factors which affect employees’ behaviors of using information systems in work. This research topic 

aims to study how employees adjust their virtual behaviors in ESM dynamically when they interact 

with coworkers and in teams. 

 

Activities  of  coworkers  in  ESM  will  affect  employees’ behaviors  significantly.  On  

one  hand, employees collaborate with coworkers to do their work. To make their work done, they 

have to adjust their behaviors of using ESM and make their behaviors in accordance with that of 

their coworkers. On the other hand, during the interactions with coworkers, employees gain 

feedbacks of their virtual behaviors in ESM. For example, certain types of posts may get more likes 

or positive comments. Then employees may infer coworkers’ expectation of their behaviors and 

intend to create more similar posts in future work. Furthermore, since interactions among employees 

continue regularly, employees acquire incessant feedbacks of their behaviors. Then they will learn 

how to behave in ESM and change their virtual behaviors dynamically. For those who work in teams, 

teammates’ activities indicate team norms and make employees’ behaviors change. Similarly, this 

changing process is dynamic as well. Thus, when using ESM in work, employees will adjust their 

virtual behaviors according to coworkers and team context factors in a dynamic way. 

 

To conclude, this research topic tries to investigate the effect of social influence and team contexts 

on employees’ virtual behavior in ESM dynamically. We try to increase the understanding about 

how employees change their usage behavior during their interactions with others in an organization. 

This study complements the research on employees’ usage behavior of ESM which focus more on 

static factors. 

 

3.FUTURE WORK 
 

We will first review related researches and identify various dimensions of ESM affordance. To 

conduct the first research topic, we plan to use survey method to collect data and test the research 

model. For the second research topic, we plan to use second-hand data and econometric models to 

study our research questions. 
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Optimal Launching Timing for Information Products with Perceived Value 

and Network Effect 
 

Abstract 
 

Successive release is a common strategy adopted by the providers of information products, and 

the determination on the launch timing of new versions is a critical challenge faced by those 

providers. The network effect and consumers’ perceived value are significant factors impacting 

the providers’ decisions. In the context of a monopoly market, we develop an analytical model 

that incorporates the two factors to explore the optimal release timing of new versions. The 

results indicate that, the monopoly provider should delay launching the new version when the 

consumers could enjoy a larger network externality; however, the monopolist should accelerate 

the release of upgrades if the consumers have a higher perceived value on the products. 

Moreover, the new version’s optimal launching timing may located before or after the time that 

the sale of the former version is mature. 

 

Keywords: information products, launch timing, network effect, perceived value 

 

1. Introduction 
Successive release strategy is widely adopted by the vendors of information products. Therefore, 

Most of the information products we consume today represent improved versions of earlier 

generations, and such products over time will be substituted by even newer generations. When 

the firms launch their new products into markets, timing is one of the important factors for their 

profits (Krishnan & Ulrich, 2001). Therefore, the introducing timing of a new generation is a 

critical decision for an astute manager.  

 

The decision on the launch timing should be based on the value of the products to the consumers. 

The value of information products is measured by its information content rather than its physical 

content. Therefore, the information products have large fixed costs of production and small 

variable costs of reproduction (Kahin & Varian, 2000).In the context of cost structure, cost-based 

decision makes little sense in this context; value-based decision is much more appropriate. 

 

A significant feature of the information products’ value is that it is uncertain to the consumers. 

Unlike physical goods, information products have a somewhat peculiar property where a 

consumer may not be able to assess the goods accurately and reliably before the consumption of 

the goods (Cheng & Liu, 2012). Therefore, the familiarity of a consumer to product functionality 

usually affects the consumer’s perceived value. 

 

Another important feature of the information products’ value is that, it is determined not only by 

the inherent value, but also the network effect of the products. Because of the positive network 

effect, the value of information products increases with the size of the installed base (Cheng et al., 

2015). Therefore, if the providers take the product value into account, consumers’ perceived 

value and network effect are two key factors that impact the decision on launching timing. 

 

The primary goal of the current work is to explore how the two factors affect the optimal market 

entry timing of information products. Therefore, we develop an analytical model to decide the 
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optimal market entry timing and compare our findings with those reported in the prior literature. 

The novel model is based on the Bass Model (Bass, 1969)
 
and incorporates consumers’ 

perceived value and network effect. The analytical results show that, the provider would delay 

launching new version if the consumers are more affected by the network effect; and the 

provider would launch the new version faster if the consumers are more familiar to the products’ 

features. Moreover, a new version could be launched before or after the timing when the sale of 

its former version is mature.  

 

The remainder of this paper is organized as follows. In section 2, we present a survey of the 

existing work in the market entry timing of new products. In Section 3, we develop an analytical 

model to explore the problems on the release timing of the new version with consumers’ 

perceived value and network effect. In Section 4, we explore the mechanism of consumers’ 

perceived value and network effect on the information products’ release timing. In Section 5, we 

discuss the managerial implications of our model. 

 

2. Related Works 
Our study is closely related to the market entry strategy for new products, which is a 

long-standing research topic that has been studied in various streams of literature in new product 

development, marketing, and economics. 

 

Prior work on this topic can be broadly classified into two categories. The first category 

incorporates product value to derive the optimal entry timing of the next product generation. 

Mehra et al. (2014) capture the balance between costs and revenues of introducing an upgraded 

version. The balance results in increasing upgrade intervals through the product life cycle. 

Choudhary and Zhang (2015) investigate the software vendor’s optimal release time in context 

of cloud computing and SaaS. They find that it is optimal for SaaS firm to launch product earlier, 

even though the product is far from perfect. Ebina et al. (2015) analyze the entry timing decision 

of two firms using the spatial competition model. They demonstrate that the incumbent has an 

incentive to locate closer to the center to delay the competitor's entry.  

 

The second category considers the diffusion dynamics of existing products. Jiang and Jain (2015) 

find that the optimal entry timing of the successive version can also lie between “now” and 

“maturity” (The strategy “now” is that a new product is released as soon as it is available; the 

strategy “maturity” is that a new product is released when he sale of previous version nears its 

peak). Joshi et al. (2009) find that new products should be introduced to the market either before 

or after the peak sales of the existing product, depending on the leverage and backlash effect of 

the existing product. Krankel et al. (2006) prove that introducing the new product generation is 

optimal when the technology of the existing generation is below a state-dependent threshold.  

 

Existing literature focusing on product value does not consider diffusion dynamics. In turn, 

literature incorporating diffusion dynamics is silent on product value. The current research 

comprehensively considers both factors in determining the optimal launch timing of new product 

generations. 
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3. Model Settings  
3.1 Products and Launching Timing 

We present an analytical model with a monopolistic provider denoted as M . Monopolist 

M develops and introduces the initial version,
0V , at time 0t ; and then M launch 

1V at time 

1t > 0t . 
1V  is an improved version of 

0V , and compatible with 
0V .Following the situation in 

Krankel et al. (2006) and Mehra et al. (2014), where the firm innovates based on the available 

technological frontier, we assume that both 0V
 
and 1V

 
are state of the art.  

 

3.2 Consumers’ Utility 

Because both 0V and 1V
 
are state of the art, we assume that all the consumers share the most 

frontier technologies. Hence, the consumers obtain the same inherent value from 0V and 1V . We 

define the inherent value of 0V and 1V as q . However, the consumers are uncertain on the 

features of the products. Therefore, the consumers usually undervalue the products’ inherent 

value. Inspired by Cheng & Liu (2012), we define consumers’ familiarity with the products as , 

and the consumers’ perceived value is q . The higher the value of  is, the less the consumers 

underestimate the products. 

 

Consumers’ utility also is impacted by the network effect. According to Cheng & Tang (2010), 

the network effect is determined by two factors: the intensity of network effect and the users 

installed base. We define the intensity of network effect as  , and the user installed base is 

expressed by Bass model, see Equation (1). ( )f t is the uncumulative number of adopters by time 

t ; m
 
represents the potential adopters; the parameter a  and b  respectively represent the 

coefficiency of innovation and the coefficiency of imitation. Therefore, the consumers who adopt 

product at time t  will enjoy the network effect
0

( )
t

t
f t dt . Therefore, we can obtain the 

consumers’ instantaneous utility by time t as Equation (2). 

 
2 ( )

( ) 2

( )
( )

[( / ) 1]

a b t

a b t

m a b e
f t

a b a e

 

 





                         (1) 

0

( ) ( )
t

t
U t q f t dt                                 (2) 

 

3.3 Firm’s Profit 

Because of the monopoly position in the market, M can assign the price of 1V  (demoted as ( )P t ) 

to equal customer’s utility defined in Equation (2) and extract the customers’ full surplus. 

Therefore, M ’s instantaneous revenue from 1V by time t is ( ) ( )P t f t . M ’s cumulative revenue 

from 1V  is the integral of instantaneous revenue. The decision problem of the monopolist is 

determining the launch timing 1t to maximize the cumulative profit from 1V . The optimization 

model is derived in Equation (4) and (5). 

( ) ( )P t U t                                         (3) 

1

1 01

[ ( ) ] ( )
T t

t tt
Max q f t dt f t dt                       (4) 

0 1. .s t t t T                                    (5) 

441



 4 

 

4. Results and Analysis 
The cumulative adopters by time t  (denoted as ( )F t ), equals to the integration of ( )f t . 

Therefore, 
( )

( )

(1 )
( )

( / ) 1

a b t

a b t

m e
F t

b a e

 

 





. Without loss of generality, we assume 

0t =0, and the 

Lagrangean function of Equation (4) is equivalent to 

1 1 1 1 1( ) [ ( )][ ( ) ( )] ( )L t q F t F T F t t T t                   (6) 

Therefore, we can get the first-order condition as follow (The Kuhn-Tucker condition is not 

presented for lack of space). 

1 1

1

( )[ ( ) 2 ( ) ] 0
L

f t F T F t q
t

  


   


                 (7) 

However, the transcendental nature of 
1

L

t




 precludes the derivation of a closed-form solution 

of *

1t . Therefore, we conduct sensitivity analysis of   through Implicit-Function Theorem. We 

denote that the optimal value of 1t as *

1t . Let *

1 *

1

( , , )
L

H t
t

 





, the first-order derivative of *

1t with 

respect to  is derived in Equation (8).  

* * *

1 1 1

* * 2 *

1 1 1*

1

( )[ ( ) 2 ( )]

( )[ ( ) 2 ( ) ] 2 ( )

H
t f t F T F t

H f t F T F t q f t
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       (8) 

*

1t satisfies
*

1

L

t




=0, hence, * *

1 1( )[ ( ) 2 ( ) ]f t F T F t q    =0. *

1( )f t >0, and it could be derived that 

*

1( ) 2 ( )F T F t q    =0. Consequently, 
*

1

2 *

12 ( )

t q

f t



 





, and 

*

1t






>0. 

 

Proposition 1. The optimal launch timing of the new version increases with the intensity of 

network effect. That is, if the intensity of network effect is stronger, the vendor should delay 

introducing the new version. 

 

When the intensity of network effect becomes stronger, it is optimal for the vendor to prolong 

the sales timing of the old version. A longer sales timing could improve the adoption rate of the 

old version. Consequently, stronger intensity of network effect, together with the larger user-base, 

makes the consumers enjoy more utility.  

 

Let us turn to the analysis on parameter . The first-order derivative of *

1t with respect to  is 

derived in Equation (9). *

1( ) 2 ( )F T F t q    =0, therefore, 
*

1

*

12 ( )

t q

f t 


 


<0. 

* *

1 1

* * 2 *

1 1 1*

1

( )

( )[ ( ) 2 ( ) ] 2 ( )

H
t qf t

H f t F T F t q f t
t


    


   

    


     (9) 
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Proposition 2. The optimal launching time of the new version decreases with the consumers’ 

familiarity with product. That is, the vendor should introduce the new version faster when the 

consumers are more familiar to the product. 

 

When a consumer is more familiar to the information product, her knows the product’s 

functionality better, and her perceive value of the product is higher. The higher perceived value 

leads to the higher utility, as well as a higher price that benefits the monopolist. 

 

Next, we discuss the relationship between the optimal launch timing of 
1V ( *

1t ) and the timing 

when 0V is at maturity ( t̂ ). The first-order derivative of the uncumulative adopt rate ( )f t with 

respect to t  is in Equation (10). Hence, it is derived that the uncumulative adopt rate reaches its 

peak when t̂ =
ln( / )

( )

a b

a b



. 

3 ( ) ( ) ( )

( ) 4

( ) [( / ) 1][( / ) 1]
( )

[( / ) 1]

a b t a b t a b t

a b t

m a b e b a e b a e
f t

a b a e

     

 

  
 


      (10) 

The first-order derivative of the monopolist’s profit  with respect to t is in Equation (11). 

( ) ( ){ [ ( )] ( ) ( )}t f q F t T t f t                         (11) 

It is could be calculated that ˆ( )t  =
2( )

[ ( ) (1 / ) ]
4

m a b
F T m a b q

b
  


   , in addition, it has 

been known that *

1( )t  =0. Consequently, it is easily deduced that : (Ⅰ) *

1t < t̂ when 

[ ( ) (1 / )]F T m a b q    <0; (Ⅱ) *

1t > t̂ when [ ( ) (1 / )]F T m a b q    >0. Therefore, it can 

be obtained the following propositions. 

 

Proposition 3 (a). If the consumers’ familiarity is sufficiently high, the new version should be 

launched before the old version is at maturity. 

(b). If the intensity of network effect is sufficiently strong, the new version should be launched 

after the old version is at maturity. 

 

In the context that the consumers are very familiar to the product’s features, the consumers 

would obtain a high perceived value, and enjoy more utility. Therefore, it is optimal for the 

vendor to launch the product fast to create a high profit. However, when the intensity of network 

effect is very strong, the vendor is optimal to delay launching new product. The reason is that, to 

delay launching new product could enlarge the installed-base of the old products, and the 

consumers could enjoy much more externality from other users. This enables the vendor to 

charge a high price for the new version and earn more profit. 

 

5. Conclusions 
The successive release of information products is a complex task, and the timing to launching a 

new version is one of the most difficult decisions a manager must make. We build an analytical 

model driven solely by economic considerations to study this decision problem. We conduct 

sensitivity analysis of the two significant parameters: the intensity of network effect and 

consumers’ familiarity on products. The analytical results are threefold. Firstly, an astute 
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manager should delay launching the new product generation to seize as much benefit as possible 

from the network externality. Secondly, when the manager is facing a population of experiencing 

consumers and they know the product well, he/she should launch the new version fast to grab the 

consumers surplus as soon as possible. Thirdly, a new version may be launched before or after 

the marketing of its former version becomes mature. This is consistent with the opinions of Joshi. 

et al (2009). 
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Abstract 

 

The platform vendors provide software protection so as to combat piracy. Increasing the level of the 

protection enables the developers to extract more profits from an additional buyer, but it also reduces the 

surpluses of the users deriving from an extra developer. In this paper, we use a vertical differentiation 

model in a duopoly setting to analyze the impacts of software protection on the vendors’ and developers’ 

profits in a two-sided market. We show that the vendors might adopt the cross subsidization toward their 

developers under certain parameter configurations, but always charge their users the positive prices. 

Moreover, the vendors and/or the developers may both prefer less protection or more protection in some 

circumstances. However, a conflict of interest between the vendors and/or between different platforms’ 

developers over the software protection may arise: the one benefits from better protection, but the other 

loses out. 

 

Keywords: Two-sided markets, Competition, Piracy, Pricing 

 

 

1. Introduction 

An increasing number of software developers prefer to sell their products in a software platform. A two-

sided or multi-sided platform refers to an intermediary which attracts two or more types of players and 

generates profit from these players. One example is the market for app software. The leading platforms 

are Apple store and Google play. The platform connects the buyers and the developers and facilitates the 

interactions between them. Another example is the markets for e-book readers in which Apple’s iPad and 

Amazon’s Kindle are the major platforms. These devices enable consumers to read e-books which are 

created by the content providers through iBooks (iPad’s) and Kindle Reader (Kindle’s).  

Unfortunately, piracy always is a serious issue in these markets. For example, at the beginning of 

2010, the illegal downloads resulted in Apple and the developers who wrote and sold apps for the iPhone 

and iPod touch having lost more than $450 million after the opening of the App Store (Rasch and Wenzel 

2013). However, even more serious fact was that some applications’ illegal download rates reached as 

high as 95%. For the reduction of piracy and the expansion of profit, these platform vendors can take 

measures from three aspects. The first one is to appeal for more serious legislations to constrain and 

combat piracy. The second one is to educate the users to adopt original and boycott of piracy. The third 

one is to protect by the platform itself. For example, Xbox One asks its players not to disconnect the 

Kinect sensor, not to lend games, and not trade games freely, etc. Our paper focuses on the last one.  

We address the following questions: what is the impact of the protections from the platforms on the 

developers’ payoffs? What is the effect of the protection on the platform vendors’ profits? To this end, we 

develop a game-theoretic model in which two platform vendors compete for users and developers with 

different platform qualities and security attributes. 

Our main results are the following. First, the vendors always charges the users a positive price, while 

they may either charge the developers a positive fee or a negative fee, depending on the level of software 
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protection. Second, different platforms’ developers may have distinct attitudes towards the protections 

due to the security effect. Finally, different vendors may also have distinct attitudes towards the 

protections in some special situations. 

The paper structure is as follows. We begin with a review of the related literature in section 2. We 

then describe our model setup in section 3 and present the equilibrium analysis in section 4. Finally, in 

section 5, we conclude. 

 

2. Literature Review 

The present research is mainly related to two streams of literature. The first related stream looks at the 

impacts of piracy on the economic and/or the social issues. To summarize, previous research on this topic 

can be broadly grouped into the following themes: the effect on the legal producer’s sales and profit 

(Chellappa and Shivendu 2005; Rasch and Wenzel 2013), the effect on social welfare and the best 

government policy (Chen and Png 2003) and how to combat the piracy with some business strategies 

and/or technological instruments (Wu and Chen 2008). According to the conclusions of these prior 

literature, we cannot evaluate the piracy with a coincident point. In particular, some studies find the piracy 

benefits the sellers of the legitimate products, the consumer surplus and the social total welfare in some 

situations, and however some researches find some evidences to combat with piracy. For example, Rasch 

and Wenzel (2013) address the piracy in the two-sided markets and find that the platforms’ profits, the 

developers’ payoff, the user surplus and social total welfare are not always better off under the high 

protection. They show that piracy may result in conflicting interests between platforms and individual 

software developers. For a broader review of piracy literature see Peitz and Waelbroeck (2003). 

The second stream relates to the studies on two-sided markets (Armstrong 2006). The typical 

examples of the two-sided markets cover video game consoles (gamers and game developers), online 

trading platforms (buyers and sellers), app stores (buyers and app developers), e-book readers (readers 

and content providers), operating systems (users and software developers), and online videos (viewers and 

content providers). In a typical two-sided market, the existence of a positive or negative cross-group 

network effects is a prominent characteristic. The positive cross-group network effects refer to the scenario 

in which the users’ surpluses from adopting a platform on one side is increasing with the number of users 

joining the platform on the other side. For example, an app store platform providing services to enable 

interactions between app buyers and app developers is a two-sided market, in which the users on one side 

(e.g., app developers) are more likely to generate more profits if more users access the platform on the 

other side (e.g., buyers). For a broader review of two-sided markets literature see Rochet and Tirole (2006). 

The work most similar to ours is Rasch and Wenzel (2013), which focus on the competition between 

two horizontally differentiated software platforms with a Hotelling model. However, the present paper is 

distinct from Rasch and Wenzel (2013) in three aspects. First, we model the competition with a vertically 

differentiated model, in which the users are heterogeneity in the valuation toward the platform quality. 

Second, we incorporate the protection’s positive effect coming from security guarantee into our model, 

which is absent in Rasch and Wenzel (2013). Third, some findings in terms of the attitudes of the platform 

and the developers toward the protection are extremely different from each other.  

 

3. Model 

Consider two competing software platform vendors, Vendor 1 and Vendor 2, providing vertically 

differentiated platforms, platform 1 and platform 2, respectively. Each platform plays a role as an 

intermediary, connecting the buyer side (software users) and the seller side (software developers). Thus, 

each vendor might generate profit from both buyers (by charging an access fee) and sellers (by charging 

a license fee). We allow at most one of two prices to be non-positive, that is, each vendor may execute the 
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cross subsidy strategy and subsidize the access fee or the license fee. As is common in the prior literature 

(e.g., Rasch and Wenzel 2013), we assume the development costs for the platforms of the vendors are 

sunk. Moreover, the vendors incur no marginal costs and fixed costs for the business model are normalized 

to zero. Each vendor is aware of the piracy issue and thus it would take the degree of software protection 

into account when it determines the optimal service prices of its platform. 

On the user side, we use user tape 𝑥 to capture users’ heterogeneity in valuation toward a given 

platform. Following previous research (Etzion and Pang 2014; Rasch and Wenzel 2013), we assume that 

𝑥 is uniform between 0 and 1. There are two options for a user: (1) accessing platform 1 or (2) joining 

platform 2. The net utility of a user choosing option (1) is given by 𝑈1 = 𝑉1𝑥 + 𝜃𝑁1 + 𝑡1𝑘 − 𝑎1. Where, 

𝑉1 denotes the platform 1’s core quality; 𝜃 is the strength of the cross side network externality, which 

measures the benefit the user can derive from an additional unit of software; 𝑁1 is the number of the 

developers joining the platform which is derived by the concept of fulfilled expectation equilibrium (FEE) 

(Etzion and Pang 2014); 𝑘 is the level of protection; 𝑡1 is the strength of security which measures the 

benefit the user can derive from an additional unit of software protection and 𝑎1 is the access fee of 

Vendor 1. The net utility of a user choosing option (2) is given by 𝑈2 = 𝑉2𝑥 + 𝜃𝑁2 + 𝑡2𝑘 − 𝑎2. Where, 

the meanings of the above notations is similar with the option (1) after replacing the subscript 2 with 1. 

Without loss of generality, we assume the platform 1’s core quality is better than platform 2’, that is, 𝑉1 >
𝑉2. We denote ∆ as the core quality difference between platform 1 and platform 2, i.e., ∆≡ 𝑉1 − 𝑉2, and 

denote 𝜆 as the security utility difference between from platform 1’s protection and from platform 2’s 

protection, i.e., 𝜆 ≡ 𝑡1 − 𝑡2. Since Vendor 1 has the advantage in terms of the core platform quality, we 

assume that it also has leads to the advantage in terms of the marginal security utility, i.e., 𝜆 > 0. Note 

that similar to Rasch and Wenzel (2013) but distinguish from most two-sided market models, the 

magnitude of the network effects is not fixed exogenously but is dependent on the level of software 

protection. In particular, as the level increases, the magnitude (i.e. 𝜃) decreases since the higher protection 

level creates harder to pirate and/or higher purchasing fees to the developers, formally, θ′ =
𝑑𝜃

𝑑𝑘
< 0. 

However, the higher the level of software protection is, the utility is more due to the better security.  

On the developer side, we use developer tape 𝑓 to capture developers’ heterogeneity in a fixed 

investment cost of toward his product. We assume that 𝑓 is uniform between 0 and 𝐹. Following the 

many existing literature on two-sided markets, each developer is seen as selling a different software, and 

thus the competition among developers is not considered in our research. If a developer participates in 

platform 𝑖, (𝑖 ∈ {1,2}), his net profit is given by 𝑅𝑑 = ∅𝑛𝑖 − 𝑓 − 𝑙𝑖. Where, 𝜙 is the strength of the cross 

side network externality, which measures the benefit the developer can derive from an additional buyer; 

𝑛𝑖 is the number of the buyers of platform 𝑖 which is also derived by FEE; and 𝑙𝑖 is the license fee of 

platform 𝑖. Note that, as better protection would generate more profit from extra buyer for the developer, 

the magnitude of the network effects increases with the level of the protection, formally, ∅′ =
𝑑∅

𝑑𝑘
> 0.  

The timing of the events is as follows: in the first stage, each vendor announces its access fee and 

license fee. In the second stage, users and developers make their respective decisions. 

To guarantee coexistence of the two platforms, we make the following assumption: 

Assumption 3.1 ∅2 + 4∅𝜃 + 𝜃2 < 2(∆ − 𝑘𝜆). 
The assumption states that the network effects must not be too large compared to the quality 

difference between the two platforms. There are two reasons to account for the assumption. First, the 

power for the platforms to control the strengths of the network effects is limited due to the asymmetric 

information and/or the lack of the technology for improving the effects. Second, the platform quality 

difference is the crucial determinant for the users to choose to adopt which platform. 
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Let 𝜌1 ≡ 2(2∆ + 𝑘𝜆) − ∅2 − 4∅𝜃 − 𝜃2 , 𝜌2 ≡ 3∆ − ∅2 − 4∅𝜃 − 𝜃2 , 𝜌3 ≡ 2(∆ − 𝑘𝜆) − ∅2 −
4∅𝜃 − 𝜃2, 𝜌4 ≡ 2∅ + 4𝜃 and 𝜌5 ≡ 4∅ + 2𝜃. 

Differencing the profit functions of the two vendors with respect to the respective access fee and 

license fee and then solving the first order conditions simultaneously, we can derive the optimal prices. 

Lemma 1 below provides the vendors’ equilibrium prices and profits.  

Lemma 1.  The vendors’ optimal access fees are 𝑎1
∗ =

𝜌1(2∆−∅
2−3∅𝜃)

4𝜌2
 and 𝑎2

∗ =
𝜌3(2∆−∅

2−3∅𝜃)

4𝜌2
, the 

optimal license fees are 𝑙1
∗ =

𝜌1(∅−𝜃)

4𝜌2
 and  𝑙2

∗ =
𝜌3(∅−𝜃)

4𝜌2
, and their total profits are 𝜋1

∗ =

(4∆−∅2−6∅𝜃−𝜃2)𝜌1
2

16𝜌2
2 , 𝜋2

∗ =
(4∆−∅2−6∅𝜃−𝜃2)𝜌3

2

16𝜌2
2 , respectively. 

 

4. Equilibrium Analysis 

Form the optimal pricing in Lemma 1, we characterize when to charge and when to subsidize users. 

Summarizing the results, we have:  

Proposition 2. The two vendors’ optimal access fees are always positive, while their optimal license fees 

are nonnegative if only and if software protections are sufficiently large (i.e., ∅ ≥ 𝜃), otherwise, they are 

negative. 

Proposition 2 reveals the rational of the practice in which the platform vendor always charges the 

users but might subsidize the software developers in some situations. In particular, subsidizing or charging 

the developers depends on that the software protection is whether sufficiently lager or not. It is intuitive 

that when the software protection is sufficiently lager, the profits the developers can derive from the users 

can complement the loss due to the positive license fee. However, when the software protection is 

sufficiently small, the vendors have strong incentives to generate more profits from the users, resulting in 

the vendors to adopt the cross subsidy strategy to attract more developers and in turn capture more users.  

According to Lemma 1, we can get the profit of an active software developer is as follow: 

𝑅1 =
𝜌1(∅+𝜃)

4𝜌2
, 𝑅2 =

𝜌3(∅+𝜃)

4𝜌2
. 

The effects of the software protection on the developers’ payoffs are summarized in Proposition 3 as 

below. 

Proposition 3. Let ∅𝑑1 ≡
|θ′|[𝜌1𝜌2+𝜌5(𝜌1−𝜌2)(∅+𝜃)]−2𝜆𝜌2(∅+𝜃)

𝜌1𝜌2+𝜌4(𝜌1−𝜌2)(∅+𝜃)
 and ∅𝑑2 ≡

|θ′|[𝜌2𝜌3−𝜌5(𝜌2−𝜌3)(∅+𝜃)]+2𝜆𝜌2(∅+𝜃)

𝜌2𝜌3−𝜌4(𝜌2−𝜌3)(∅+𝜃)
.  

(1) For the software developers of Vendor 1, their profits decrease (increase) with better software 

protection if the change in developer surplus from software sales ∅ is sufficiently small (i.e., ∅′ < ∅𝑑1) 

(large (i.e., ∅′ > ∅𝑑1)). 

(2) For the software developers of Vendor 2, when platform 1’s security advantage is too small (i.e.,𝜆 <
𝜌2(𝜌2−Δ)+Δ𝜌4(∅+𝜃)

2𝑘[𝜌2+𝜌4(∅+𝜃)]
), their profits decrease (increase) with better software protection if the change in 

developer surplus from software sales ∅ is sufficiently small (i.e., ∅′ < ∅𝑑2) (large (i.e., ∅′ > ∅𝑑2)), 

however, when platform 1’s security advantage is too large (i.e.,𝜆 >
𝜌2(𝜌2−Δ)+Δ𝜌4(∅+𝜃)

2𝑘[𝜌2+𝜌4(∅+𝜃)]
), their profits 

increase (decrease) with better software protection if the change in developer surplus from software sales 

∅ is sufficiently small (i.e., ∅′ < ∅𝑑2) (large (i.e., ∅′ > ∅𝑑2)). 

When the protection level increases, one would expect the software developers to take more profits 

from an additional user. Proposition 3, however, claims that software developers may not always be better 

off when increasing the protection level. Specially, from the view of Vendor 1’s developers, when the 
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change in developer surplus from software sales is below a given threshold, the developers might be worse 

off by stricter protection level. The reason is that there are two effects at work. On the positive side, stricter 

protection leads to higher marginal profit from an extra user. However, on the downside, stricter protection 

also might result in higher license fee which affects developers’ profitability negatively. When the 

negative effect dominates the immediate positive effect, and then developers are worse off from better 

protection.  

However, interestingly, Vendor 2’s developers’ preference toward the protection is more complex. 

The main reason comes from the effect of the security. The effect benefits Vendor 1’s developers since it 

can attract more users to join platform 1. In other words, however, the effect hurts Vendor 2’s developers. 

When the negative effect is sufficiently small, Vendor 2’s developers’ preference toward the protection is 

same with Vendor 1’s. The reason is similar with the above illustration for Vendor 2’s developers’ 

preference. However, when the negative effect is sufficiently large, if the change in developer surplus 

from software sales is relatively small, Vendor 2’s developers may prefer more protection due to Vendor 

2’s cross subsidization. If change is too large, Vendor 2 would not promote cross subsidization and charge 

its developers with more license fee, resulting in the reduction of Vendor 2’s developers’ profits. 

Let ∅1 ≡
θ′[4𝜌1𝜃(Δ−2∅𝜃+𝜌2)+𝜌2[𝜌1(𝜌5+2∅)+2𝜌5(Δ−2∅𝜃+𝜌2)]]−4𝜆𝜌2(Δ−2∅𝜃+𝜌2)

4𝜌1∅(Δ−2∅𝜃+𝜌2)−𝜌2[𝜌1(𝜌4+2𝜃)+2𝜌4(Δ−2∅𝜃+𝜌2)]
,  

∅2 ≡
|θ′|[4𝜌3𝜃(Δ−2∅𝜃+𝜌2)−𝜌2[𝜌3(𝜌5+2∅)−2𝜌5(Δ−2∅𝜃+𝜌2)]]−4𝜆𝜌2(Δ−2∅𝜃+𝜌2)

4𝜌3∅(Δ−2∅𝜃+𝜌2)−𝜌2[𝜌3(𝜌4+2𝜃)+2𝜌4(Δ−2∅𝜃+𝜌2)]
. 

The following proposition addresses the effect of software protection on platforms’ profitability. 

Proposition 4. (1) When4𝜌1∅(Δ − 2∅𝜃 + 𝜌2) > 𝜌2[𝜌1(𝜌4 + 2𝜃) + 2𝜌4(Δ − 2∅𝜃 + 𝜌2)], platform 1’s 

profit decreases (increases) with better software protection if the change in developer surplus from 

software sales ∅ is sufficiently small (i.e., ∅′ < ∅1) (large (i.e., ∅′ > ∅1)), however, when 4𝜌1∅(Δ −
2∅𝜃 + 𝜌2) < 𝜌2[𝜌1(𝜌4 + 2𝜃) + 2𝜌4(Δ − 2∅𝜃 + 𝜌2)] ,its profit increases (decreases) with better 

software protection if the change in developer surplus from software sales ∅  is sufficiently small 

(i.e., ∅′ < ∅1) (large (i.e., ∅′ > ∅1)). 

(2) When 4𝜌3∅(Δ − 2∅𝜃 + 𝜌2) > 𝜌2[𝜌3(𝜌4 + 2𝜃) + 2𝜌4(Δ − 2∅𝜃 + 𝜌2)] , platform 2’s profit 

decreases (increases) with better software protection if the change in developer surplus from software 

sales ∅ is sufficiently small (i.e.,  ∅′ < ∅2 ) (large (i.e.,  ∅′ > ∅2 )), however, when 4𝜌3∅(Δ − 2∅𝜃 +
𝜌2) < 𝜌2[𝜌3(𝜌4 + 2𝜃) + 2𝜌4(Δ − 2∅𝜃 + 𝜌2)] , its profit increases (decreases) with better software 

protection if the change in developer surplus from software sales ∅ is sufficiently small (i.e., ∅′ < ∅2) 

(large (i.e., ∅′ > ∅2)). 

Proposition 4 shows that vendors may not necessarily benefit from better software protection. In 

particular, when the change in developer surplus from software sales is below a given threshold and at the 

same the parameters fall into some special regions, both vendors might be better off for the reduction of 

the software protection. However, when the change in developer surplus from software sales is beyond a 

given threshold and at the same the parameters fall into some special regions, vendors might be better off 

for the promotion of the software protection. Interestingly, the potential cases in which one vendor prefers 

more protection while the rival prefer less protection might also prevail when the parameters fall into the 

special regions. 

According to Proposition 3 and Proposition 4, with respect to protection strategies, a potential 

conflict of interest between developers and the vendor of the platform they access might also prevail. In 

principle, two cases can arise where interests diverge. In the first case, a vendor may embrace more 

protection while its developers oppose. However, in the second case, the vendor opposes stricter protection 

whereas its developers benefit from it.  
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5. Conclusions 

This paper addresses the impacts of the platform protection on the profits of the platform vendors and the 

developers under piracy from the perspective of the two-sided markets. Our results revel that there is a 

conflict of interest between the platform vendors and/or between different platforms’ developers when the 

software protections fall into some special situations. This finding suggests a threshold strategy for the 

platform vendors and the developers when they are ready to increase their profits.  
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Abstract 

 
This study aims to examine the role of hotel’s response to online review. We collected data from Ctrip.com 

and Qunar.com which are the most famous third-party platform of travel products in China. For hotels’ 

responses, we classify them in to three types, disputed voice, professional voice, and expiatory voice. All 

items collected from websites are extracted into five variables under three dimensions. The direct and 

interaction effects of review quality, source credibility and response quality are examined through multiple 

hierarchical regression analysis. Results and findings are discussed at the end of this study. 

 

Keywords: Online review, Review quality, Source credibility, Hotel’s response 
 

1. Introduction 

The easy access to internet and the development of online shopping have enabled more and more 

consumers to pay attention to online reviews. Vendors take delight in delivering advertisement on websites 

because of the specific groups of consumers (Lu, Ba, et al, 2013). So, people tend to read reviews before 

they experience service products as consumers find it difficult to know completely about the quality, 

environment or other important information (Santos, 2014). It is vital for consumers to turn to user-

generated content to decrease the degree of information dissymmetry between consumers and vendors 

(Purnawirawan, Pelsmacker, et al, 2012). 

Nowadays, there are increasing numbers of vendors pacing into responding to online reviews. While many 

reviews are positive, there exist some negative, even extremely unfair ones (Sparks, Kevin et al, 2016). 

Negative reviews will have a bad and lasting impact on product sales and online bookings(Ye, Law et al, 

2009), as well as their brand reputation (Henning-Thurau，Gwinner et al，2004). Customers may look to 

vendors’ response to make inference about their service attitude. So that, to be a high-rated hotel, vendors 

should pay attention to online reviews and respond to them.  

Apart from the impact of online reviews and response of vendors, it is important for us to think that how 

consumers deal with the information they obtain. When browsing the reviews online, if consumers find 

the content useful, he could click the button ‘useful’. This button can make consumers distinguish the 

useful information and read the online reviews more efficiently (Mudambi and Schuff, 2010). Therefore, 

while consumers face abundant useful information, they could make better decisions. But it raises the 

question that is there any other factor of online review affecting the perceived usefulness? Do vendors’ 

responses also have impact on perceived usefulness? This study aims at investigating the interaction effect 

between online reviews and vendor response to perceived usefulness, as well as the direct effect. The 

findings of empirical analysis indicate that vender’s response does have significant effect on consumer’s 

perceived usefulness of online review. 

 

2. Literature Review and Hypothesis Development 

Online review is a type of product information generated by consumers based on their personal experience 

(Purnawirawan, Pelsmacker et al, 2012). Many studies have focused on the effect of online reviews on 
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product sales (Duverger, 2013; Cui and Guo, 2012; Zhu and Zhang, 2010) and consumer behaviors, 

including information adoption decisions (Filieri and Mcleay, 2014), booking intentions (Beverley 

andVictoria, 2011) and decision making (Zhang and Kem, 2014). In this study, we will carry on the 

research from three dimensions. 

 

2.1 Review Quality 

Most previous studies have investigated the characteristics of reviews, especially the quantitative ones, 

such as star-rating, the length of review (Mudambi andSchuff, 2010; Liu andPark, 2015) and quantity of 

reviews (Park, Lee et al, 2007). Based on dual process theory, Baek, Ahn and Choi concluded that 

peripheral route (like star-rating and rank of reviews) is influential in the information search stage while 

central route (like the length of the review and the number of negative words) is of use in the evaluation 

stage. This study attempts to investigate four factors that will have impact on perceived usefulness: a star 

rating on a review, contents of a review message, review length, images of a review. 

 

2.2 Source Credibility 

Some researches put forward that it is significant to present the reviewers’ identity as it could enhance the 

perceived trust of the information. For example, Racherla and Friske (2012) investigated three different 

types of characteristics of reviewers and found that reviewers’ reputation and expertise influence the 

perceived usefulness of online reviews extremely. Zhiwei Liu and Sangwon Park (2015) found that 

disclosure of reviewers’ identity affects perceived usefulness of online reviews positively. On the basis of 

previous literature, and think of the layout of online reviews on Qunar.com and Ctrip.com as reference, 

we will estimate five characteristics of reviewers: reviewer’s photo, reviewer’s name, total reviews of the 

reviewer, total images posted by the reviewer and total helpfulness votes of the reviewer. 

 

2.3 Response Quality 

Given that negative reviews will bring about negative consequence, no matter financial or nonfinancial 

(Wei, Li et al, 2013), more and more vendors are setting about managing online reviews. However, there 

are few studies have been studied on the effect of response to online reviews, so there is a crying need for 

us to investigate the factors of response that would influence perceived usefulness. In this study, we will 

refer to the layout of vendor response on Qunar.com and Ctrip.com and then estimate two factors that 

might have impact on perceived usefulness: the length of response and the voice of response. In the 

research of Beverly, Kevin and Bradley (2016), they divided the type into two aspects, professional voice 

and conversational human voice. After analyzing the content of response, we find that conversational 

human voice contains two different types of sentiments which might have different impact on the 

perceived usefulness. In that case, we employ disputed voice and apologetic voice to explain the 

conversational human voice. 

 

3. Research Methodology 

 

3.1 Research Context 

The data of our research was collected form Ctrip.com and Qunar.com which are the most famous third-

party platform of travel products in China. User of the websites can only post a comment about the hotel 

till he books the hotel and check in, which guarantee the source credibility in a way. The websites provide 

the information of reviewers in his name, headshot, total reviews, total images he posts and total 

helpfulness votes he get. The information of the review contains star-rating, review content, the room he 

consumed, the time he checked in and the time he posted the review. We have chosen 26 hotels in the 
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ancient town Pingle in Chengdu, and collected 1555 records in all. 

 

3.2 Empirical Model Specification 

Based on the literature review above and data collected, we set up the following model. 

PU = β
0
+ β

1
RV + β

2
AQ + β

3
ID + β

4
RE + β

5
RsQ 

                +𝛽6𝑅𝑉 ∗ 𝑅𝑠𝑄 + 𝛽7𝐴𝑄 ∗ 𝑅𝑠𝑄 + 𝛽8𝐼𝐷 ∗ 𝑅𝑠𝑄 + 𝛽9𝑅𝐸 ∗ 𝑅𝑠𝑄 

+𝛽10 ln(𝑃𝑟𝑖𝑐𝑒) + 𝛽11 ln(𝐴𝑔𝑒) + 𝜇 + 휀 

We estimate eleven items in all, and divide the items into five variables after conducting a principal 

analysis (shown in Table 1). 

Table 1. Data collection and principal analysis 

Items loadings Variables Dimensions 

A star rating on a review 0.945 Review 

valence(RV) Review 

quality 

Contents of a review message 0.939 

Review length 0.745 Argument 

quality(AQ) Images of a review 0.791 

Reviewer’s photo 0.843 Identity 

disclosure(ID) 

Source 

credibility 

Reviewer’s name 0.754 

Total reviews of the reviewer 0.848 

Reviewer 

expertise(RE) 

Total images posted by the reviewer 0.590 

Total helpfulness votes of the 

reviewer 
0.867 

Response length 0.743 
Response quality(RsQ) 

Voice of response 0.743 

We employ the log value for review length, images of the review, total reviews of the reviewer, total 

images posted by the reviewer, total helpfulness votes of the reviewer and response length. We assign a 

value to the contents in accordance with the emotional tendency, one for the negative, two for the neutral 

and three for the positive. We assign one for reviewers who upload the photos themselves and who entitle 

themselves respectively while zero for those who have no photos or use the photo or name distributed by 

system. As to voice of response, we assign one for disputed voice two for the professional voice and three 

for the apologetic or expiatory voice. 

 

4. Data Analysis & Results 

Multiple hierarchical regression analysis is used to examine the effects of review quality, source credibility 

and response quality on consumer perceived usefulness of online review. As shown in Table 2, Model 1, 

Model 2 and Model 3 report the direct effects, while the interaction effects are shown in Model 4 and 

Model5. 

Table 2. Effects of online review and hotel’s response on perceived usefulness 

Category Variables Model1 Model2 Model3 Model4 Model5 

Review 

quality 

Review 

valence 
0.017 0.020 0.055 -0.032 -0.036 

Argument 

quality 
0.207** 0.199** 0.172** -0.183 -0.184 

Source 

credibility 

Identity 

disclosure 
 -0.051 -0.046 -0.046 -0.008 

Reviewer 

expertise 
 0.093** 0.090** 0.091** 0.052 
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Response Quality   0.134** -0.192 -0.184 

Interactio

n effects 

RV*RsQ    0.119 0.123 

AQ*RsQ    0.467* 0.468* 

ID*RsQ     -0.042 

RE*RsQ     0.040 

Control  

variables 

Price -0.191** -0.188** -0.231** -0.228** -0.228** 

Age of 

review 
0.095** 0.109** 0.137** 0.141** 0.140** 

R 0.297 0.311 0.332 0.342 0.342 

R2 0.088 0.097 0.110 0.117 0.117 

F Chnage 20.760** 3.981* 12.733** 3.176* 0.040 

     *p<0.05, **p<0.01 

Consistent with prior research on online review (Zhiwei & Sangwon, 2015, Danny et al., 2015), we found 

argument quality and expertise of reviewer both have significant effects on consumer perceived usefulness 

of online review. A review with strong argument quality means that the review contains more words or 

pictures so that it may carry on more information which will help consumers know better about the hotels 

and make better decision. When browsing the webpage of hotels, consumers are in the face of many 

marketing information, in that case, consumers may take a skeptical attitude to online reviews (Shan, 

2016). So that reviewer expertise will tell the browsers that the reviews come from the real consumers and 

the reviews they made would be objective and credible.  

Review valence and identity disclosure of reviewer are not showing the significant effects. Because of the 

uncertainty to the service quality, consumers will be sensitive to the extreme reviews, the negative reviews 

point out the problems, which will be useful for consumers when they make decisions. Our finding about 

review valence is contrary to what Sparks and Browning find, but it does not mean their finding is wrong, 

the amount of the data of our research is not big enough that there exists the blemish. As to the identity 

disclosure of the reviewer, we thought that the items (reviewers’ photo and name) cannot explain the 

variable very well.  

Regarding response quality, we found that hotel’s response has a significant effect on perceived 

helpfulness of review. Response quality includes the response length and the voice of response. When 

vendors respond to reviews, consumers will establish the judgement of hotel’s service system, as well as 

the service recovery system. The expiatory voice will explain the handling information of the problem 

mentioned, which will make a good impression on consumers. 

In the examination of interactions effects, the interaction between argument quality and response quality 

is significant, while others are not. The effect of argument quality on perceived helpfulness is stronger 

when response quality is higher. To the advantage mentioned by review, vendors repeat it and it would 

deepen the impression of browser. To the disadvantage pointed out by the review, response explain how 

it happened and how it solved to change the idea of browser. Both circumstance illustrates that high 

response quality verify the argument quality, so the argument quality would be more persuasive to 

consumers. From the R2 and F change in Model 5, we know the interaction between hotel’s response and 

source credibility has no statistical significance. In addition, the price of hotel has a negative effect while 

the age of review has a positive effect on perceived helpfulness. 

 

5. Discussions 

This study aims to examine the role of hotel’s response to online review. According to the empirical 

analysis, we found both hotel’s response itself and the interaction between hotel’s response and online 

review have, to some extent, significant effects on consumer’s perceived usefulness of the review, 
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specifically, response quality can enhance the effect of argument quality of online review. Argument 

quality which includes words and photos generally describes the service that consumer has experienced, 

as well as emotions that satisfied or not. It provided much information than rating. The response to online 

review which basically explains or defends for the issues that consumers posted is also informative. It can 

provide consumers with more information about service, as well, to avoid consumers adopting unilateral 

perspective. The voice and content of response reflect the hotel’s attitude to consumers and their service 

philosophy which is also can influence consumer’s purchase decision. Thus, both respond to online review 

or not and how to respond are important topics for hotels. 

We believe that our research has number of important implications for vendors of the hotels. As our 

research and previous research have shown that response play a role in consumers’ decision-making 

process，vendors should respond to reviews, especially when the review point out some problems. What’s 

more, vendors should improve their response quality in that it would influence the effect of argument 

quality to perceived helpfulness. Moreover, vendors had better encourage the consumers to post their 

reviews online, and arrange those reviews released by reviewers with high expertise in the forefront of all 

reviews. 

The study can be strength in several ways in future research. First, our data is limited, we chose 26 hotels 

in the ancient town Pingle in Chengdu, but it limits the university of the research to a certain extent. In the 

future, we will expand the scope of our data selection, and choose different third-party platforms, cities 

and hotel types. Second, we measure the dependent variable by collecting the number of perceived 

helpfulness votes, so that the consumers we studied are those who read and vote for the review, but to the 

exclusion of those read but do not vote for the review.  Then, we will combine our study with the 

questionnaire. Third, when processing the content of reviews, we assign it a value to show its emotion 

tendency. We would like to process the text through emotion dictionary or machine learning. 
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Abstract: With the rapid development of Internet, new changes occur in government service. This article 

will introduce value co-created theory into Internet Plus Government Services. This paper discusses what 

it is, how to understand it and how to implement it. The government dominant logic, user center concept 

and service oriented thinking as public service dominant logic is setting up. Value consensus, value 

symbiotic and value co-creation as life cycle are identified. Progressive reform path is advocated. The 

DART implementation elements are valued. Fureher,this paper creates the implementation mechanism of 

Internet Plus Government Services value co-creation. Finally,this paper reveals the application practice 

of the implementation mechanism through the examples of photo service.  

 

Keywords: Value co-creation, Internet plus, Government service, Implementation mechanism 

 

1.Introduction 

In 2016, the policy documents of the state council on accelerating the Internet Plus Government 

Services work guidance and Internet Plus Government Services technology system construction guide 

were issued. This makes the strategy of Internet Plus Government Services further ahead. Governments 

pay more attention to explore new patterns of e-government services. Thus, the strategy of Internet Plus 

Government Services makes a very good environment to create value in the field of electronic government 

services between government and citizen. Internet Plus Government Services value co-creation research 

has been sadly arisen at home and broad. But how to promote value for government management 

innovation practice is widespread debated. This paper is aimed at introducing value co-creation theory to 

Internet Plus Government Services. It is also designed  to discuss Internet Plus Government Services 

value co-creation about what it is (concept), how to realize (unity: dominant logic, distinctiveness: life 

cycle), how to implement (macro: development path, micro: implementation elements). Thus, this paper 

will put forward theoretical propositions of Internet Plus Government Services implementation 

mechanisms from value co-created perspective. Then, it use case of Xinzhou photo service as example to 

interpret the application practices of implementation mechanisms. Finally, we prove that the theory 

mechanism is correct. 

 

2. The Theory Building 

2.1 The Concept Of Internet Plus Government Services Value Co-creation 

(1) Value Co-creation 

Value co-creation is the new value creation pattern, refers to the consumers and producers together 

to create value. American scholars Vargo and Lusch put forward value co-created theory based on service 

dominant logic[Lusch,Vargo,2004]. The two other scholars Prahalad and Ramaswamy put forward value 

co-created theory based on the perspective of consumer experience[Prahalad,Ramaswamy,2004]. The two 
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studies have broad influence in the current international academic circles. Two kinds of research are in 

different perspectives, but embodies the essence of value co-creation. Thus, the research of value co-

creation first appeared in the field of business, research also mainly distributed in business [Lacoste ,2016; 

Ekman, Raggio,2016; Breidbach , Maglio,2016]. Such research is rare in the public domain, but it also 

caused the attention of scholars [Brudney, England, 1983; Sebhatu , Johnson , et al.2016]. Then, Value co-

creation research spread to the Internet Plus Government Services [Altindis S,2011; Liu, Hu,2015a; Pang, 

Chen,2016]. However, the study about implementation mechanisms of Internet Plus Government Services 

value co-creation is lack. With Chinese Internet Plus Government Services. the exploration of Internet 

Plus Government Services value co-creation implementation mechanisms has urgent need. 

(2) Internet Plus Government Services Value co-creation. 

Internet Plus Government Services Value co-creation is considered that government departments use 

the information and communication technologies (ICTs) to provide public services for the public, 

enterprises, and other stakeholders [Hu ,Pan ,et al.2010]. So the government can provide public service 

for the society through electronic platform, the convenience and efficiency of service are improved. 

Internet Plus Government Services value co-creation is regarded as a social user using the knowledge and 

skills to participate in designing, providing, improvement, remedial value creation process [Liu , 

Hu ,2015a]. 

 

2.2 Cognitive Angle 

(1) Dominant Logic 

American scholars put forward the theory of value co-creation based on service dominant logic and 

consumer experience perspective [Lusch,Vargo,2004; Prahalad,Ramaswamy,2004]. It has a widely 

influence, but did not involve in public service. This article puts forward to create a dominant logic in the 

public service.  

The government occupy the dominant position of social governance, it decided the government must 

shoulder the responsibility of the guiding value creating activities. So the government must guide the 

whole process, not only helps to make value co-creation activities orderly, also can better bear the 

government responsibility. Therefore, this paper puts forward the government guide logic as value co-

creation reform need government guidance all the way. Its essence is the significant changes to the way 

the government governance, so it must be launched by the government. 

User center idea is point to provide public services around the user center and pay attention to user 

demand and experience. It may be the excitation source for government value co-creation, and makes 

value co-creation with deep meaning. The user center concept is theoretical principles of e-government 

value co-creation. 

With the rapid development of China's political and economic, the public service oriented should be 

a way of governance processes, management structure [Lou, Cao ,2015b]. Therefore, service oriented 

thinking is the practice needed of value co-creation, meanwhile value co-creation is the inherent 

requirement of service oriented government. 

H1: Government guidance logic, user central idea and public service oriented thinking are effective 

dominant logic for Internet Plus Government Services value co-creation. 

(2) Life Cycle  

Life cycle is biological academic language. By the extended and expanded, life cycle becomes an 

important research method. It is studied by dividing the research object into the cycle phase.  

This paper holds that the life cycle of value co-creation has obvious characteristic. At present，related 

research is lack. This paper divided value co-creation into value consensus, value symbiosis and value co-

creation based on the perspective of life cycle. This can be interpreted as that value consensus for a start, 
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symbiosis as a center of gravity, value co-creation as the climax and end. 

Value consensus refers to the commonality of cognitive value, it need Services provide and service 

demand achieve resonance. It is the foundation of the e-government services. From the perspectives of 

government, the first thing is to judge the user needs, the last thing is the two sides reached a consensus 

through interaction. From a user perspective, the first thing is based on the electronic platform to form 

external image and internal evaluation of the government value proposition. the second thing is to reach 

consensus through interaction. 

Symbiotic is the main form and process of value co-creation. From the perspectives of government, 

according value consensus, government construct value co-creation platform on the Internet Plus 

Government Services theme. From user perspective, the user takes an active part in the government's value 

generated behavior based on the value consensus. 

Value co-creation is defined as the government cooperate with users to complete government services, 

it is a win-win cooperation way. Value co-creation will effectively solve the problems in the field of 

government services. The great value will form value diffusion, continue effect. From the perspectives of 

government ,the government cooperation with users create service value based on the electronic platform. 

From user perspective, the user response and consumer affairs service. 

H2: It helps to clarify the process of Internet Plus Government Services value co-creation from the 

perspective of life cycle. 

 

2.3 Implementation Conditions  

(1) Reform Path 

Reform aim is not only achieving co-creation in the Internet Plus Government Services, but also it 

has far-reaching significance of promoting the public sector management scope, scale and pattern change. 

Thus, value co-creation reform not only practice policy and technical activities, but also it uses the new 

management thinking to replace the old service concept and management methods. First of all, Internet 

Plus Government Services in our country is still in its exploration phase transition. The management idea 

and management model was experiencing a new era. Second, the Chinese government introduced value 

co-creation theory research has yet to reach the level of the reform. Third, through the analysis of the 

experience of foreign governments value co-creation practice, reform has experienced the evolution from 

the local to the whole, from individual department to the public sector, from non-core activities to the core 

activities. So, our country Internet Plus Government Services value co-creation does not yet have fully 

implementing theoretical basis, system basis and practice basis. 

H3: Government promotes e-government value co-creation in a gradual way is the right path. 

(2) Implementation Elements 

Internet Plus Government Services satisfaction in essence is derived from the result of the 

improvement of public service capacity. Partners achieve win-win is essence of co-creation.  Prahalad 

and Ramaswam put forward the value co-creation model DART, they think Dialogue, Access, Risk 

Reduction, Transparency is a basic model element of value co-creation [Prahalad, Ramaswamy,2004]. 

Some scholars put forward the public service value co-creation model elements [Brudney, England ,1983; 

Yang, Gao, et al.2014], but it is not set out from the angle of the government's efforts. 

Therefore, this paper argues that DART model elements, not only applicable to private enterprise, 

also apply to the public sector. Dialogue means that the government and the citizen communication to 

determine the properties of cooperation. Access means that the government provide access path or tools, 

users can easily get the required service information. Risk Reduction means that the participation risk of 

the value co-creation and the responsibility may bear. Transparency means that government affairs service 

process transparency, so can not only deepen the trust between each other, encourage cooperation 

459



 

  

motivation, also can strengthen the supervision of the risk. 

The process of consensus as the basis of value co-creation, according to the strength of its application, 

it is low intensity of DART. The process of symbiosis which design and build the government to create a 

platform is medium intensity of DART. The process of co-creation which the user response to participate 

in government interaction. Interaction between the two sides is soaring DART require significantly 

enhanced, referred to as DART strong state. 

H4: The model elements, DART which comes from Business value co-creation can also apply to the 

e-government service. 

 

3. Case Interpretation 

Social users includes the citizens, enterprises, non-governmental organizations.  Citizen is one of 

the most basic service object. Based on civil users as an example, this paper analyzes the G2C (government 

to citizen) in value co-creation perspective on government affairs service. This paper uses the case of 

photo service to interpret Internet Plus Government Services value co-creation implementation 

mechanisms.  

3.2 Recognition Perspective Application 

(1) Dominant Logic Application 

First thing is the government guide logic. For example, When Xinzhou photo service appeared, 

government began to guidance in policy system, it release 15 document. Considering different user habits 

and characteristics, the government opened integrated terminal , suah as WeChat, weibo, website, app. It 

forms a more complete platform for citizens to participate in. The third is service-oriented thinking. The 

mechanism of reflecting the problem is convenient, the verification mechanism is rigorous, the mechanism 

of accepting the question is timely and the supervision mechanism is effective. H1 is proved.  

(2) Life Cycle Application 

The first thing is the value consensus. Due to a text message of xinzhou's ordinary citizens advice, 

the government attaches great importance. Then, it forms a consensus based on the construction 

civilization. The second is value symbiosis. The government designs and builds WeChat, network micro 

communities, mobile phone APP, telephone hotline terminal network combining with the opinions 

provided by the citizens. The third is value co-creation. Users take uncivilized phenomenon published in 

the electronic platform, government audit and process the uncivilized events, and formulate corresponding 

policies to systemic solve similar problems.H2 is proved.  

 
Figure 1 implementation mechanisms of Internet Plus Government Services value co-creation  
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3.3 Implementation Conditions Application 

(1) Gradual Implementation Path Application 

From the perspective of internal development, it gradually have many network terminal. From the 

perspective of external proliferation, the success of xinzhou makes the photo government services spread 

gradually from the big cities of Beijing, Shanghai, Changsha to small and medium-sized cities Yangquan, 

Xintai, etc. H3 is proved. 

(2)DART Application 

Value co-creation process as an example explain dialogue, as follows. By February 26, 2016, the 

daily posting reached 43337 which provides rich material by creating a civilized xinzhou. Value symbiosis 

process as an example explain access, as follows. Xinzhou government constructs WeChat, network micro 

communities, mobile phone APP, telephone hotline terminal network platform, opens a wide variety of 

information. Value co-creation process as an example to explain the transparent, as follows. It records the 

information accepted and completed in time. Value co-creation process as a case to explain the risk, as 

follows. Xinzhou photo service is not real registration by using true information , the user has no 

information risk concerns. H4 is proved.  

 

4. Conclusion  

This paper puts forward the implementation mechanism of Internet Plus Government Services value 

co-creation as shown in figure 1 and reveals the application practice of the implementation mechanism 

through the examples of photo service. But due to the limitations of case study itself, the universality of 

the theoretical model has yet to be more cases studies under the different situations of duplicate inspection. 

It remains to be further studied and discussed. 
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Abstract 
 

Mass appraisal is the process of valuing a large collection of properties within a city/municipality usually 

for tax purposes. The common methodology for mass appraisal is based on multiple regression though 

this methodology has been found to be deficient. Data mining methods have been proposed and tested as 

an alternative but the results are very mixed. This study introduces a new approach to building prediction 

models for assessing residential real estate by treating past sales transactions as a data stream. The study 

used 16,523 sales transactions records from a municipality in the Midwest of US. Our results show that a 

data stream based approach outperforms the traditional regression approach, thus showing potential to 

improve the performance of prediction models for mass assessment.  

 

Keywords: Prediction model, Property Assessment, Data Stream, Regression 

 

1. Introduction 
In the United States local governments provide a variety of services to its citizens. These services may 

include law enforcement, fire protection, public schools, public transportation, utilities, streets, sanitation, 

and many others taken for granted by the typical citizen. A major source of the revenue that pays for these 

services comes from property taxes on the local real estate property base. The property tax is an ad valorem 

tax, meaning "according to value." Therefore the local government must have as accurate an estimate of 

the property value as possible to ensure fairness in property taxes. The term mass appraisal refers to the 

process of valuing a large collection of properties within a certain municipality. The common 

methodology for mass appraisal is based on multiple regression though this methodology has been found 

to be deficient, suffering from problems such as nonlinearity, multicollinearity, and heteroscedasticity 

(Antipov and Pokryshevskaya, 2012; Kilpatrick 2011; Moore, 2006). Data mining methods have been 

proposed and tested as an alternative but the results are very mixed (Guan et al., 2008; Zurada et al., 2011; 

McCluskey et al., 2012).   

 

This study applies a new approach to mass assessment through incremental learning using data stream 

methodology. In this new approach a prediction model is built using an initial batch of sales transactions. 

Then an instance-based learning algorithm was used to perform regression analysis on a data stream of 

sales records. The results in the study point to clearly better predictive performance of the instance-based 
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modeling approach over that of the traditional multiple regression analysis commonly used in mass 

assessment. 

 

2. Data 
The data in this study consist of 16,523 sales records from a Midwest city in the US. Table 1 lists the attributes 

in a typical sales record. 24 were excluded from the dataset as they contained obviously incorrect coordinates 

possibly and/or invalid addresses. The final data set contains 16,499 properties. It is noted that one of the most 

important variables, the address/location of a property, is represented by its longitude and latitude.  

 

Table 1 Sample Sales Transaction 

Atrribute Name 

Sample 

Record 

 

Explanation 

Sale price [$](Dependent variable) 390000 Actual sale price 

Year Built 1968 Year in which the property was built 

Year Sold 2005 Year in which the property was sold 

Square footage in the basement [Feet] 900 Square feet in basement 

Square footage on the floors [Feet] 2931 Total square feet above basement 

Number of fireplaces 1 One fireplace (range 0-3) 

Garage size (number of cars) 2 Two-car garage (range 0-2) 

Number of baths 4 0=substandard bath; 1=1 bath; 2=1 ½ baths; 

3=2 baths; 

4=2 ½ baths, etc. up to 6=more than 3 baths 

Presence of central air 1 0=no central air; 1=central air is present 

Lot type 1 1=up to one-fourth acre; 2=one-fourth to one-

half acre; 

3=one-half to 1 acre; 4=over 1 acre 

Construction type 3 1=1 story; 2=1 ½ story; 3=2 story; 4=2 ½  

story; 

5=split-level; 6=bi-level; 7=condominium 

Wall type 2 1=frame; 2=brick; 3=other 

Basement type 1 0=none; 1=partial; 2=full 

Basement code 1 0=none; 1=standard; 2=half standard; 

3=walk-out 

Garage type 3 0=none; 1=carport; 2=detached; 3=attached; 

4=garage in basement; 5=built-in garage 

Longitude -85.573 Degrees west 

Latitude 38.216 Degrees north 

 

 

The sale price of each sales transaction is adjusted for inflation as follows: 

𝐼𝑛𝑓𝑙𝑎𝑡𝑖𝑜𝑛 𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝑃𝑟𝑖𝑐𝑒 = 𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝑃𝑟𝑖𝑐𝑒×
𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑃𝑟𝑖𝑐𝑒 𝑜𝑓 𝐿𝑎𝑠𝑡 𝑌𝑒𝑎𝑟

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑃𝑟𝑖𝑐𝑒 𝑜𝑓 𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝑌𝑒𝑎𝑟
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3. Method  
Most prediction models are based on learning algorithms that use the entire training set in a batch mode. 

Such learning algorithms assume that the training data are independent, identically distributed, and are 

from a stationary distribution. A popular and competitive regression model is a regression tree called M5 

(Quinlan, 2014). M5 builds multivariate trees using linear models at the leaves. Such a tree learns by 

recursively splitting the training space to selecting attributes that maximize the reduction of variance in 

the dependent variable. Though effective, these regression models are inadequate for sequentially 

generated data from time evolving distributions. This study applied a learning model that continuously 

evolves over time, the Adaptive Model Rules (AMRules) (Almeida et al., 2013). AMRules uses a one-

pass algorithm to build regression rule sets from a stream of input data, such as sales transactions.  

 

In our study the evaluation scheme was the prequential or interleaved-test-then-train evolution. That is, a 

regression model on a stream is evaluated by testing then training with each example in sequence. Two 

performance evaluations are commonly used. The first one measures the accuracy of the model since the 

start of the evaluation. The second one is based on a sliding window, which measures the accuracy on the 

current sliding window of recent instances. The second method was used in this study, Figure 1 shows 

that sliding windows for the window-based regression performance. W1 and W2 are the two sliding 

windows. T is the sampling period. f=1/T, f is the sampling frequency. 

 

 

 

 

          W1                                    W2 

 

        

                   T                               T 
Figure 1 Sliding Window W1 and W2 for Regression Performance Evaluator 

 

4. Results 
The results in this study were obtained with the Massive Online Analysis platform (Witten et al., 2016). 

The traditional multiple regression was performed with 10 fold cross validation.   The results (see Table 

2) provide a basis for comparison. The Mean Absolute Error (MAE) in Table 2 is 30998.67 and the Root 

Mean-squared Error (RMSE) in Table 2 is 41186.19. Our study tested the AMR rules using two different 

prediction functions, Perceptron and Adaptive Model.  
 

The regression method AMRules was applied. Prequential Regression was used to measure the 

performance of the data stream. f =100 was used in all the tests. We compared the results for the different 

Window sizes of 50, 100, and 1000.  

 

From Table 3 it can be seen that the MAE and RMSE using AMRules with Perceptron and the sliding 

window size of 50 are the best at 25430.25 and 33900.12 respectively, an obvious improvement over the 

results from commonly used linear regression. With the increase of the window size, the values of MAE 

and RMSE also increased.  Results of Perceptron are better than those with Adaptive Model.  
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Figure 2 shows the Prequential MAE using AMRules for the sliding window sizes of 50, 100 and 1000 

with Perceptron as the prediction function. The curves of MAE for window sizes 50 and 100 are not 

smooth and the curve of MAE for window size 1000 is smooth. In the three curves, the values of MAE 

for the initial sampling points are bigger and fluctuate more than other later sampling points.  

 

Figure 3 shows Prequential RMSE using AMRules for the sliding window sizes of 50, 100 and 1000 with 

Perceptron as the prediction model. Very similar results are obtained. The values for all the window sizes, 

especially for window size 1000 are again very large in the initial stage. In order to get better results, we 

should consider removing those beginning sampling points.   

 

We discard the results of sampling points from 100 to 1900, the results from 2000 to 16400 are averaged 

to obtain the mean MAE and RMSE. As revealed in Table 4, the results improve when compared with 

those in Table 3. The best values of MAE and RMSE are 24020.33 and 31973.80. They are far better than 

those of linear regression. 

 
   

Table 2 MAE Results of MAE Test for 10 folds            

Methods MAE RMSE 

Linear 

Regression 
30998.67 

41186.19 

 

Table 3 MAE and RMSE Results Using AMRules  

Prediction Function Option Width MAE RMSE 

Perceptron 50 25430.25 33900.12 

Perceptron 100 26644.02 38043.11 

Perceptron 1000 29079.99 52641.02 

Adaptive 50 25791.26 34378.02 

Adaptive 100 26248.53 35238.53 

Adaptive 1000 27561.85 37771.77 
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Figure 2. Prequential MAE using AMRules for the sliding window sizes 50, 100 and 1000 for 
Peridiction Function Option with Perceptron 

 

 

Figure 3. Prequential RMSE using AMRules for the sliding window sizes 50, 100 and 1000 for 
Peridiction Function Option with Perceptron 

Table 4  MAE and RMSE Results discarding the sampling points from100 to 2000 Using 

AMRules  
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Prediction Function Option Width MAE RMSE 

Perceptron 50 24020.33 31973.80 

Perceptron 100 24393.72 32683.97 

Perceptron 1000 24617.46 33715.54 

Adaptive 50 24139.69 32381.08 

Adaptive 100 24528.65 33090.32 

Adaptive 1000 24751.10 34115.72 

 

5. Conclusions 
This paper investigates a novel approach to residential real estate price prediction in a mass assessment 

context. This novel data streaming approach produced better prediction results than the traditional multiple 

regression analysis commonly used in mass assessment. Given the importance for prediction accuracy in 

mass assessment the data streaming approach merits further examination. 
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Abstract 

Trust is crucial in the relationships between charitable fundraisers and potential donors. This study 

examines factors that can help fundraisers gain potential donors’ trust, which is crucial to the success of 

the campaigns. Examining charitable fundraising campaigns on an online platform, this study finds that 

trust issues can be mitigated by providing a campaign description that is more sophisticated, more 

informative, and with fewer errors. Additionally, setting a higher campaign funding goal tends to lead to 

a more successful campaign. These characteristics likely reflect a competent, committed, and passionate 

fundraiser. On the other hand, mere exposure to a wide set of potential donors through social media is 

not necessarily useful for mitigating information asymmetry. Instead, close relationships between 

fundraisers and potential donors may be more meaningful in this regard.  

 

Keywords: Charity, Trust, Reputation, Fundraising, Crowdfunding  

 

 

1. Introduction 

Over a million public charities are registered in the United States (Quick Facts about Nonprofits n.d.). 

Charitable giving from individual donors is the largest source of revenue for these charities, accounting 

for 71% of total charitable giving in 2015 (Giving USA 2017). This large number of charitable 

organizations and the multitudes of causes they support can overwhelm potential donors as they attempt 

to identify charities that can be trusted to deliver benefits.   

 

Trust is crucial in economic transactions where the outcome depends heavily on the actions of the sellers, 

over which buyers do not have much control (Doney and Cannon 1997 and Knack and Keefer 1997). 

Charitable giving is a perfect example of such transactions as potential donors have to count on charitable 

organizations to take appropriate actions in delivering the benefits to the end beneficiaries. In this context, 

potential donors are forced to rely on reputation as the economic mechanism for establishing trust (Cabral 

2012). Large organizations, like United Way or Red Cross, have developed their reputations over time. 

However, small organizations may not possess the necessary reputation to overcome potential donors’ 

mistrust of their ability to deliver promised benefits to the beneficiaries, and therefore may face a difficult 

time in attracting donations.  

 

With recent advances in technology, a new channel to raise funds has emerged in the form of online 

fundraising. Individual fundraisers – including those without any fundraising experience – can use 

crowdfunding platforms to raise funds at a lower cost relative to traditional fundraising. However, these 

individual fundraisers – with practically no reputation to rely on – are likely to face difficulties in gaining 

donors’ trust. Indeed, the dataset used in this study shows that many charitable crowdfunding campaigns 

are not successful in reaching their funding goals, and only a handful are highly successful. 

 

Gaining donors’ trust is particularly difficult for fundraisers using this new form of charitable fundraising. 

Information asymmetry problem is inherent in crowdfunding platforms (Agrawal et al. 2014, Macht 2014, 
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Molick 2014). Gaining trust is even more difficult in the case of charitable crowdfunding because 

information asymmetry is more severe in this setting. Fundraisers’ opportunistic behaviors can easily go 

unnoticed for a long period because it is difficult for donors to verify the campaign outcomes as they do 

not directly consume the benefits of their donations. To make matters worse, charitable crowdfunding 

platforms allow fundraisers to receive the committed donations and proceed with their projects regardless 

of whether the campaign funding goal is met. With this arrangement, potential donors cannot use the 

crowd’s collective evaluation – as reflected by the fulfilment of funding goal – as a mechanism to filter 

bad campaigns from good ones. 
 

This study focuses on the setting of charitable fundraising campaigns where the reputations of the 

fundraisers have not been established yet. It examines trust-enhancing factors that can help fundraisers in 

gaining donors’ trust. While the existing studies on trust in non-charitable crowdfunding provide a 

valuable basis for understanding trust in crowdfunding setting, it is important to further examine the 

relevant factors considering the unique characteristics of charitable fundraising campaigns. Charitable and 

non-charitable crowdfunding projects differ in their fundamental objectives. While a typical non-

charitable project strives to gather seed funding for a feasible and sustainable business venture, charitable 

projects typically aim to have a meaningful impact on the lives of those in need. As a result, trust has 

different implications for the potential donors in these two settings. Trusting a fundraiser in a non-

charitable project means having confidence that the fundraiser’s business acumen and creativity would 

lead to profitable projects, whereas trusting a charitable fundraiser is believing in her character and 

commitment that would lead to successful delivery of the benefits. Accordingly, potential donors are likely 

to evaluate fundraisers in the two settings using different sets of metrics.  

 

Agrawal et al. (2014) suggest that transmitting quality signal can serve as a mechanism to gain trust when 

reputation has not been established yet. In the context of charitable crowdfunding, the funding goal chosen 

by a fundraiser may be a suitable proxy for the fundraiser’s quality. More specifically, the funding goal 

chosen by the fundraiser indicates the impact that she aspires for the beneficiaries, which reflects her level 

of passion and commitment in helping people in need. A project with a higher funding goal is likely to be 

more challenging to carry out and would require more effort and time to deliver. For example, an 

ambitious charitable campaign aiming to deliver emergency aids after the Nepal earthquake to villagers 

in rural areas of Nepal that are difficult to reach has a funding goal of over US$200,000. In contrast, a 

relatively simple campaign aiming to provide winter coats for children in an orphanage in the Nepalese 

capital city of Kathmandu has a funding goal of only US$2,000.14  

 

Another potentially useful signal of quality is the sophistication of the campaign description. Campaign 

descriptions serve a similar role to project pitches in venture capital fundraising. Studies of traditional and 

online channels of venture capital fundraising highlight the importance of polished and sophisticated 

pitches in demonstrating entrepreneur’s commitment and competence (Chen et al. 2009, Macht 2014).  

In the context of this study, a more sophisticated campaign description can serve as a signal of a 

fundraiser’s competence and commitment to the project.   

This study documents a consistent set of evidence in support of the quality signal hypothesis.  First, this 

study finds a positive effect of higher campaign funding goal on the total amount of donations even though 

donors are aware that even fundraisers who do not meet their respective funding goals still receive the 

committed donations. This is consistent with the hypothesis that potential donors associate a higher 

funding goal with a higher level of fundraiser’s commitment and passion to his project.  The stronger 

                                                 
14 The campaigns are available at https://www.gofundme.com/nepalvillagers and https://www.gofundme.com/hhnbydpx 
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signal of passion and commitment helps in mitigating trust issues. Second, this study documents the 

importance of well-written campaign descriptions. A more sophisticated campaign description tends to 

receive a higher total amount of donations, consistent with the hypothesis that such description indicates 

a more competent and committed fundraiser (Chen et al., 2009). Consistent with this inference, this study 

also finds that longer descriptions and those with fewer grammatical and spelling errors are associated 

with more successful campaigns.15 In sum, these results confirm that stronger signals of a fundraiser’s 

competence and commitment can mitigate trust issues in crowdfunding platforms.  

 

Lastly, this study also examines the effects of social network on the campaign outcome.  Distrust among 

agents can be mitigated if those agents know each other, and therefore, possessing a large social network 

can reduce information asymmetry and lead to a more successful campaign.  Lin et al. (2013) suggest 

that individuals who are connected in social networks may possess non-public information that could 

mitigate information asymmetry issues in peer-to-peer lending. Mollick (2014) provides evidence 

consistent with these studies in the context of regular (non-charitable) crowdfunding platform: the size of 

the fundraiser’s network is positively correlated with the success of the campaign.  However, Bapna et 

al. (2017) find that trust exists only in a small group of carefully selected online friends who are strongly 

connected with each other. As such, the effect of a fundraiser’s social network on campaign outcome is 

an empirical question. This study finds that the number of Facebook friends is negatively related to the 

success of a charitable crowdfunding campaign.  

 

2. Empirical Analyses 

2.1 Data Description 

Data for this study is collected from the charitable campaigns on GoFundMe.com. GoFundMe is the 

largest charitable crowdfunding platform in the world. It has raised over US$ 3 billion in donations since 

2010 (Lunden 2017). The dataset is collected in May 2016 from charitable campaigns associated with four 

major natural disasters: Hurricane Sandy (10/2012), Nepal (04/2015), Kumamoto (04/2016), and Ecuador 

earthquakes (04/2016). These four events had the largest number of disaster-related campaigns (1,077 

campaigns in total) on GoFundMe at the time of data collection. The dataset in this study is limited to the 

campaigns related to natural disaster events in order to control for the large variations in the worthiness 

of the causes and types of project. 

 

The campaigns in this dataset collectively raised a total of US$7.8 million. The most successful campaign 

in the sample raised US$195,031. The mean total donation per campaign is US$7,103, while the median 

of total donation per campaign is US$4,576. 

 

 

2.2 Empirical Model 

The following equation represents the empirical model used in this study. 
ln(𝐶𝑎𝑚𝑝𝑎𝑖𝑔𝑛𝑂𝑢𝑡𝑐𝑜𝑚𝑒)𝑖 = 𝛽1 ∗ ln(𝐺𝑜𝑎𝑙)𝑖 + 𝛽2 ∗ ln(𝑆𝑜𝑝ℎ𝑖𝑠𝑡𝑖𝑐𝑎𝑡𝑖𝑜𝑛)𝑖 + 𝛽3 ∗ ln(𝐹𝐵𝐹𝑟𝑖𝑒𝑛𝑑𝑠)𝑖 + 𝛽4  ∗

ln(𝐹𝐵𝑃𝑜𝑠𝑡𝑠)𝑖 + 𝛽5 ∗ (𝑇𝑊𝑇𝑤𝑒𝑒𝑡𝑠)𝑖 + 𝑋𝑖 + ∑ 𝛼𝑗 ∗ 𝐸𝑣𝑒𝑛𝑡𝐷𝑢𝑚𝑖,𝑗 + 휀𝑖
4
𝑗=1       

CampaignOutcome refers to the outcomes of a charitable crowdfunding campaign. This study examines 

three measures of outcomes: (1) the total donations raised by the campaign, (2) the number of donors 

contributing to the campaign, and (3) the average donation per donor. This study does not include whether 

the funding goal is reached as a measure of campaign outcome because as mentioned above, fundraisers 

                                                 
15 The regression result from the model that includes the number of grammatical and spelling errors as well as the number of words in the 

description is not tabulated in this version of this paper. 
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in charitable crowdfunding platforms receive the donated amount (less fees) regardless whether the stated 

funding goal is reached. 
 

The main independent variables of interest are Goal, Sophistication, FBFriends, FBPosts, and TWTweets. 

Goal refers to the campaign’s funding goal set by the fundraiser. This variable is a proxy for the 

aspirational impact of the project. Sophistication is a proxy for the sophistication of the campaign 

description. It is calculated as the inverse of the campaign description’s Flesch reading ease index (=100 

– Flesch reading ease index; Kincaid et al. 1975 for details).16 A higher Sophistication variable indicates 

a more sophisticated writing style with longer words and sentences. The Flesch reading ease index is a 

widely utilized to assess the quality of written text. This index is one of the most tested and reliable 

measures of text readability (DuBay 2004). FBFriends refers to the number of friends the fundraiser has 

on Facebook. This variable represents a fundraiser’s personal friends and family. FBSpread and 

TWSpread refer to the number of times the link to this particular campaign is posted on Facebook and 

tweeted on Twitter, respectively. These variables represent endorsements from donors who contributed to 

the campaign.  
 

The model includes several control variables represented by Xi. The sentiment index measures the 

emotional tone in the campaign description, which can affect the decision of potential donors (Chang and 

Lee 2010). This index is calculated by counting the number of positive words minus the number of 

negative words, using the list of emotion words in the NRC emotion lexicon dictionary.17 A dummy 

variable for the availability of a video description is included to control for the effect of video on the 

campaign success (Mollick 2014). The fundraiser’s location effect (Mollick 2014) is captured by a dummy 

variable indicating whether the fundraiser is located in an area directly affected by the natural disaster. 

The start date of the campaign relative to the event’s occurrence (in number of days) is included to control 

for the relative age of each campaign. The number of updates posted by the fundraiser and when the last 

update was posted are included to control for the frequency and timeliness of the updates. In addition to 

these control variables, the model also includes event dummy variables to control for the heterogeneity 

across the four events. Intercept is not included in the model as it is subsumed by the event dummies. i is 

the index for campaign and j is the index for the event. Lastly, ε is the residuals from the regression.  
 

2.3 Results 

The results show that signals of quality — sophistication and campaign funding goal — have significant 

effects on the campaign outcome. First, the measure of the sophistication of the campaign description has 

a positive effect on all three outcome variables. A more sophisticated campaign description likely reflects 

a more competent and commitment fundraiser, which in turn could reduce potential donor’s distrust of a 

fundraiser’s ability to deliver on her promise. Second, a higher campaign funding goal leads to a higher 

average amount of donation per donor. This is likely because a higher funding goal provides a stronger 

signal of the fundraiser’s passion and commitment to his supported cause. This stronger signal of 

fundraiser’s passion and commitment, again, helps mitigate trust issues inherent in charitable 

crowdfunding and increases total donations even though meeting funding goal is not a necessary condition 

for the project to be funded. 

 

Table 1 – Parameter estimates for trust-enhancing independent variables of interest 

  

A B C 

ln (Donation amount) ln (Number of donors) ln (Avg. donation/donor) 

                                                 
16 The index can be obtained at https://www.online-utility.org/english/readability_test_and_improve.jsp 
17 NRC emotion lexicon dictionary is available at http://saifmohammad.com/WebPages/NRC-Emotion-Lexicon.htm. 
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Variable Coefficient Std. Error Coefficient Std. Error Coefficient Std. Error 

Ln (campaign goal) (USD) 0.07** 0.03 -0.05** 0.02 0.05* 0.03 

Ln (sophistication) 0.48*** 0.14 0.31*** 0.10 0.38* 0.12 

Ln (FB friends) -0.08*** 0.03 -0.02 0.02 -0.10*** 0.02 

Ln (postings in FB) 0.58*** 0.03 0.48*** 0.02 0.33*** 0.02 

Ln (tweets in Twitter) -0.01 0.01 0.02* 0.01 -0.07*** 0.01 

Adjusted R-squared 0.64 0.65 0.43 
Note: Each column reports the parameter estimates for the three measures of campaign’s success: (A) the amount of donation (in USD), (B) 

the number of donors and (C) the average donation per donor. Each outcome variable is logarithmically transformed to normalize its 

distribution. Control variables and event dummies are included in the regression, but their estimates are suppressed. *p<0.1, **p<0.05, and 

***p<0.01.  

 

This study also finds that a higher number of Facebook friends a fundraiser has leads to a lower total 

amount of donations. This is in stark contrast with previous findings in reward-based crowdfunding (e.g., 

Mollick 2014) where the number of a fundraiser’s Facebook friends is positively correlated with funding 

success. Given the degree of trust issues in charitable crowdfunding, our result suggests that it is the tie 

strength, rather than the size of friend network, that is important to the total amount of donation. Bapna et 

al. (2017) indicate that online friendship ties are associated with trust only among carefully selected friends 

who are strongly connected with one another. As a smaller group of online friends is likely to be more 

strongly connected, it leads to a stronger support for the campaign and generates a larger sum of donations.  

 

Lastly, the estimated coefficients for independent variables related to the social media show that Facebook 

postings and Twitter tweets have opposite correlations with the campaign outcome.  The number of 

Facebook postings has a positive correlation with all three outcome variables, indicating that 

endorsements in the form of Facebook posts help mitigate information asymmetry. However, this is not 

the case with endorsements in the form of tweets. The directional difference between the coefficient 

estimate for tweets and that for the Facebook postings on average donation is likely caused by the 

difference in tie strength on the two social media platforms. Specifically, the strength of ties among 

Facebook friends is likely to be stronger than that of Twitter followers because the account owner has to 

approve a friend request on Facebook, while one can easily follow anyone on Twitter. While Facebook 

posts likely represent endorsements from close friends that are positively associated with higher 

contribution amounts, tweets represent mere exposures which bring more donors in, but these donors 

donate smaller amount on average.  

 

3. Conclusion 

This study examines factors that contribute to the success of charitable fundraising campaigns on online 

platforms.  These factors help fundraisers in sending quality signals to potential donors, and ultimately 

gaining their trust. In particular, fundraisers can signal their commitment in helping the less fortunate 

through well-written campaign descriptions. A more sophisticated campaign description reflects a higher 

level of effort and commitment from the fundraiser, which results in more donors and higher total amounts 

of donations. Higher funding goals also signal the fundraisers’ commitment and generate higher amounts 

of donations.  
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Abstract 

With the rapid development of information technology, Scientific Social Network, i.e. SSN, have become 

the most convenient way for researchers to communicate. Lots of papers are shared via SSN which 

resulting in information overload. Therefore, how to appropriately recommendation highly valuable 

papers is becoming more urgent. However, when recommend papers in SSN, only a small amount of 

positive examples are available, leaving vast unlabeled data where negative examples and potential 

positive examples are mixed together, which naturally belongs to One-Class Collaborative Filtering 

(OCCF) problem. Therefore, an enriching OCCF approach, i.e., EnOCCF, is proposed in this research. 

The social information has been applied in both the profiling of content based filtering and the 

collaborative filtering to achieve more improvement. In order to verify the effectiveness of the proposed 

EnOCCF, a real-life dataset from CiteULike was employed. Experimental results show that the EnOCCF 

provides the best manner for recommending papers in SSN. 

Keywords: One-Class Collaborative Filtering; Paper Recommendation; Scientific Social Network; 

Negative Instance Extraction; Hybrid Recommender Systems. 

 

 

1. Introduction 

The rapid development of information technologies, especially Web 2.0 technology, has changed 

Internet users from being passive, consumption-driven to being active, production-driven (Drachsler 

2009). A variety of platforms resulted from the Web 2.0 have lifted the barrier of adding information to 

the Internet. Among them, the social network, as a typical application of Web 2.0, has become one of the 

fastest growing online information interaction platforms in recent years. With the rapid expansion of social 

network, the research domain has also appeared a kind of social network with its own characteristics, here 

referred to as the Scientific Social Network, i.e., SSN, such as ResearchGate, CiteULike and so on. The 

SSN softens research boundaries, strengthens social networking research, and allows researchers to easily 

find, use, and share research papers. These activities are of great benefits to researchers because they can 

keep up-to-date the current trends. However, the rapid increase in the rate at which the new papers are 

published and the easiness of sharing them in the SSN have also lead to the information overload problem. 

This makes it difficult for researchers to find the most interesting papers. From this point of view, building 

recommendation systems to reduce irrelevant content and provide researchers with the more pertinent 

papers, is an advisable way in helping researchers to relieve the burden of time wasted on irrelevant papers. 

Recently, different paper recommendation approaches to automatically find papers have been 

developed (Kangas 2002, Adomavicius and Tuzhilin 2005, Ziegler, McNee et al. 2005, Li, Myaeng et al. 

2007). It can be classified into three categories: content based filtering systems (CBF)(Leroy, Chen et al. 

2003), collaborative filtering systems (CF) (Linden, Smith et al. 2003, Nascimento, Laender et al. 

2011)and hybrid systems(Adomavicius and Tuzhilin 2005, Das, Datar et al. 2007).CBF identifies items of 

special interest through analyzing item descriptions, while CF filters or evaluates items by users’ opinions. 

Both of them encounter several limitations that make them hardly to achieve expected performance, 

including the new researcher, the cold start and so on. To alleviate the respective disadvantages of the CBF 

and the CF and leverage the advantages of them at the same time, a hybrid recommendation approach, in 
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which the CBF and CF are combined together, has been proposed. Unfortunately, in spite of the success 

and popularity of the hybrid approach in scientific research, these approaches mentioned above have 

demonstrated to be not very robust when used to recommend papers in reality. The reason is that in SSN, 

there are only positive instances while the negative instances of the user are of extreme lacking. The 

extreme imbalance between the positive and negative instances in the dataset makes it difficult to train the 

model, and hardly to achieve expected performance. Formally, this kind of data generated from paper 

recommendation is only positive instances can be clearly distinguished, negative instances of uncertainty; 

therefore, it naturally belongs to a One-class Collaborative Filtering (OCCF) problem. However, to the 

best of our knowledge, from the perspective of OCCF to study the paper recommendation remains rarely 

being explored. 

In the OCCF problem, the data usually consist simply of binary data reflecting a user’s action or 

inaction, such as page visitation in the case of news recommendation (Pan, Zhou et al. 2008). These ‘action’ 

items explicitly express the interested tendency of users; therefore, they are seen as positive instances. In 

contrast, the negative instances are these items that users are not interested in. However, in situations of 

OCCF, there is only a small part of data that has been labeled as positive instances while the rest is all 

unlabeled, i.e. ‘inaction’ or ‘missing’, thus the data are usually extremely imbalanced and sparse. In other 

words, since ‘inaction’ items not only contain items that are not really interested to users, but also contain 

items that users are interested in but not found, they cannot be viewed simply as negative instances. 

According to the earlier mentioned problems, the prior researches about OCCF mainly focused on the 

modeling of these unlabeled instances(Pan, Zhou et al. 2008, Sindhwani, Bucak et al. 2010). However, 

the information about users in these studies has been restricted to static statistics and transaction 

information on items only, such as browsing activities, which is inadequate. In many applications, we 

naturally have much social information that can be leveraged, such as tag and friend information. The tags 

are the description of papers’ main contents provided by researchers themselves subjectively, they express 

not only the features of papers but also the concerns of researchers. Therefore, when building user profiles 

and paper profiles for similarity calculating and further negative instance extraction, considering this 

social tag information makes the extraction is more trustful. On the other hand, On the other hand, in 

reality, people always turn to their friends for recommendations, naturally, their tastes and characters are 

easily affected by the friends they keep. That is to say, the preference of a specific researcher should be 

similar to that of his friends to some extent. Nevertheless, despite these benefits of social information, in 

the existing studies of OCCF problem, little has been studied in exploring how to mine this effective social 

information in SSN to overcome the imbalance and sparsity problem. 

Therefore, an enriching OCCF approach with social information in SSN, i.e., EnOCCF, is proposed in 

this research. Firstly, when extracting negative instances to alleviate the problem of imbalance and sparsity, 

the social tag information is applied into the CBF to profiling the researcher preferences and paper features 

respectively. Additionally, the more positive instances the researcher has acted in the past, the higher the 

activity of his. Therefore, the more the negative instances are extracted for him. Secondly, in the step of 

modeling and predicting, the social information in SSN is embedded into the CF approach as additional 

information to further relieve the effect of data sparsity in OCCF. The proposed hybrid EnOCCF was 

evaluated through the comprehensive experiments using a real-life data from CiteULike. The experimental 

results show that the proposed hybrid EnOCCF approach gives an effective manner to recommend papers 

on SSN. 

2. The Framework of EnOCCF 
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Figure 1 Overview of EnOCCF for paper recommendation 

 

The framework of the proposed EnOCCF approach contains three primary stages: data acquisition, 

negative instance extraction, and OCCF recommendation model. 

First of all, the web crawler was used to search the web and retrieved all papers, researchers and 

friend relations in a certain SSN platform. And the collected data is analyzed and preprocessed to 

generate the researcher and paper vectors. 

After that, as which was mentioned earlier, when applying the OCCF for paper recommendation in 

SSN, the extreme imbalance and sparsity of data greatly reduce the performance of recommendation 

systems. Therefore, it is an important task to consider how to extract a proper number of negative 

instances. However, most of the existing studies are only based on the static statistical information to 

randomly extract negative instances. That is, for each user, all the items that he has not acted on are of 

the same possibility to be selected as a negative instance, or for each item, all the users who has not acted 

on it have the same possibility to regard it as a negative instance (Pan, Zhou et al. 2008).Apparently, the 

possibility of different inaction items as negative instances is different. In addition, it is known that in 

SSN, researchers are provided to give tags to the papers they have read. Such available social tag 

information can be fully exploited with the observable positive feedback to improve recommendation 

performance. Unfortunately, this has always been ignored in OCCF paper recommendation. Therefore, 

a negative instance extraction approach with the activity and social tag information is proposed based on 

the traditional CBF in this paper. 
In sum, the main tasks of the negative instance extraction include: negative instance number 

computing, paper feature profiling, researcher preference profiling, similarity computing and negative 

instance introduction. Firstly, for each researcher, according to the degree of his activity, determine the 

number of negative instance. Secondly, for each paper, build paper feature profiles, each of which 

contains a set of word features that describe a particular paper. And the frequency of each word features 

to that specific paper is regarded to denote the weight of the feature. Thirdly, in a similar way, build the 

researcher preference profiles with the textual information of papers he has read. Fourthly, compute the 
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similarity of the profiles between the target researcher and the papers unread by him. And sort a paper 

order based on these calculated results for each researcher. Finally, introduce the negative instances. For 

a target researcher, after all papers which he has not acted are ranked, only the top P papers that have a 

high degree of dissimilarity to a researcher preference are extracted as negative instances. 

Finally, based on the researcher-paper data with negative instances introduction completing, the 

social tag and friend information are embedded into the standard CF approach to further enhance the 

performance of recommendation. Unlike the CBF approach, the CF approach predicts papers to 

researchers based on their previously rated papers. In this work, we exploit the PMF to the OCCF for 

paper recommendation in SSN through a modification with social information. Note that the SSN, as a 

special form of social network, there is a large number of social information which has been proved to 

significantly improve the recommendation performance (Zheng, Ma et al. 2011). To be specific, this tag 

information is the description of paper labeled by the researchers who has read it; therefore the latent 

characteristic matrix of papers is obviously affected by it. In view of the above consideration, both item-

tag matrix and user-item matrix are connected through a shared item latent feature space. Similarly, the 

latent characteristic matrix of researchers is reasonable to be similar with his friends. Since in reality, we 

normally ask our friends for recommendations, the users’ favors can easily affected by their friends. And 

the higher the similarity between the user and his friend, the closer the latent characteristic matrix of 

them are (Zheng, Ma et al. 2011). In this research, this social information is embedded into the PMF 

approach to conduct a unified probabilistic matrix factorization to further alleviate the data sparsity of 

OCCF for paper recommendation in SSN.  

On the whole, the enhanced OCCF recommendation model is implemented in the following five 

stages: paper-tag matrix forming, similarity computing between friends, social friend matrix forming, 

researcher-paper matrix updating, and unified probability matrix factorization. First of all, form the 

paper-tag matrix to denote. Given the list of tags included in the dataset. If the tag has been used to label 

the paper in the past, the corresponding value in paper-tag matrix is 1, and the value is null, otherwise. 

Then, compute the similarity for each user with their friends based on their historical browsing records 

by Jaccard measure. The results range from 0 to 1, and the bigger the value indicates the more similar 

between them. Next, form the social friends matrix based on the similarities between all researchers and 

their friends. For any two researchers, if they are friends in SSN, the corresponding value in the social 

friends matrix is the similarity of them, otherwise, the value is zero. After that, update the researcher-

paper matrix with the negative instances extracted for all researchers. It is well worthy to indicate here 

that instead of assigning -1 to all of the negative instances, the values of the negative instances in 

researcher-paper matrix are set with the similarity between the negative instances and researchers. This 

is because in the researcher-paper matrix, the value of ‘-1’represents a researcher’s real action on a paper, 

but for the negative instances, they are not the researcher's real selection, so the values of them should 

be close to -1, but never equals -1. Furthermore, based on the assumption that the smaller the similarity 

of the negative instances with researcher, the more likely they are to be really disliked by that researcher, 

the similarities are used as the value of the introduced negative instances in the updated researcher-paper 

matrix. Finally, conduct the unified probabilistic matrix factorization on the updated researcher-paper 

matrix along with the paper-tag matrix and the social friends matrix. For each researcher, after getting 

all prediction ratings based on the researchers latent characteristic matrix and the papers latent feature 

matrix, the top N papers which he has not read are selected.  

 

3. Experimental Design and Result Discussions 
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3.1 Experimental procedure 

In order to evaluate the proposed EnOCCF, the CiteULike was visited by using a crawler from 

November 2005 to May 2013 (Emamy and Cameron 2007).Then for meaningful testing, data cleaning 

work were conducted and researchers with at least 15 paper browsed records and papers which had been 

read by 5 or more researchers were chosen. Finally, a dataset of 1024 researchers, 11375 papers with 78 

188 researcher-papers pairs, and 310301 tags was obtained.  

To compare the prediction accuracy of the proposed approach, precision, recall，F-measure, and MAP 

(Mean Average Precision) were employed in this research (Salton and McGill 1986). Moreover, to 

evaluate the effectiveness of the social tag and friend information in the negative instance extraction and 

modeling for paper recommendation, some contrast approaches were implemented. They include: 

OCCF_AMAN, OCCF _RMAN , OCCF_AMAU,PMF_DMAN, PMF_AMAN, PMF_RMAN, 

friend_PMF, tag_PMF and PMF (Paterek 2007, Koren, Bell et al. 2009, Mnih and Salakhutdinov 2012) 

The collected data was used to construct researcher-paper matrix and divided into training dataset and 

testing dataset randomly. The 80% of researcher-paper matrix was used as the training dataset, while the 

remaining researcher-paper preference matrix was used as the test dataset. All results reported here are 

averaged over 10 rounds, each time we used different random splits. In our experiments, the parameters 

of all algorithms are optimized for their best performance. 

 

3.2 Result and discussions 

Table 1 gives the performance in terms of evaluation metric for top @M (M=10, 20, 30, 40, 50) 

obtained by the proposed EnOCCF and other baseline approaches. The best results are marked in bold and 

underline. 

Generally speaking, as shown in Table 1, the EnOCCF outperforms the compared approaches with 

significant margins in all the metrics no matter recommend 10, 20, 30, 40 or 50 papers. The best 

performance of F-measure is achieved by the proposed EnOCCF method to 0.03341 at a recommendation 

number of @10 with an improvement of more than 19% on average. For MAP, our hybrid EnOCCF also 

gets the highest performance with a value to 0.09035. The experiments also reveal a number of interesting 

observations. For example, among these baseline approaches, the performance of PMF_DMAN which 

does not use social information in the stage of probabilistic matrix factorization, but introduces negative 

instances based on the similarity with social information, is always the best. On the contrary, the 

PMF_RMAN, which randomly extract the negative instances from the unlabeled data, obtains a worst 

result no matter on precision, recall or F-measure. This result demonstrates the effectiveness of social 

information as additive evidence to the baseline approaches. Mining social information to determine the 

recommended papers, the proposed hybrid EnOCCF is able to get the best results. 

Table 1evaluation metric results for EnOCCF and other compared approaches(%) 

Approach 
EnOCC

F 

OCCF_

AMAN 

OCCF 

_RMA

N 

OCCF_

AMAU 

PMF_S

MAN 

PMF_A

MAN 

PMF_R

MAN 

friend_

PMF 

tag_PM

F 
PMF 

Precisio

n 

@10 3.386 2.744 2.277 2.701 2.957 2.311 1.748 2.385 2.527 2.280 

@20 2.675 2.214 1.847 2.162 2.339 1.819 1.421 1.859 2.042 1.758 

@30 2.347 2.002 1.678 1.915 1.947 1.563 1.245 1.598 1.775 1.495 

@40 2.183 1.721 1.555 1.726 1.797 1.320 1.138 1.425 1.596 1.324 

@50 2.066 1.585 1.517 1.607 1.677 1.195 0.983 1.307 1.404 1.205 

Recall @10 3.298 2.842 1.775 2.273 2.987 2.526 1.282 1.969 2.190 1.869 
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@20 4.394 3.756 2.329 3.090 4.111 3.546 1.791 2.777 2.917 2.677 

@30 5.325 4.499 2.647 3.439 4.973 4.188 2.274 3.419 3.382 3.321 

@40 5.956 5.022 3.007 4.190 5.272 4.785 2.845 3.885 4.039 3.783 

@50 6.509 5.337 3.121 4.621 5.346 5.042 3.036 4.318 4.411 4.219 

F-

measure 

@10 3.341 2.792 1.995 2.469 2.972 2.414 1.479 2.157 2.346 2.054 

@20 3.325 2.786 2.060 2.544 2.982 2.405 1.585 2.227 2.402 2.122 

@30 3.258 2.771 2.054 2.460 2.798 2.276 1.609 2.178 2.328 2.062 

@40 3.195 2.564 2.050 2.445 2.680 2.069 1.626 2.085 2.288 1.962 

@50 3.136 2.444 2.042 2.385 2.553 1.932 1.485 2.007 2.130 1.875 

MAP 

@10 8.809 8.180 6.084 7.744 8.725 7.867 6.868 7.438 7.697 7.349 

@20 9.035 8.159 5.919 7.699 8.618 7.848 6.888 7.393 7.501 7.299 

@30 8.907 7.942 5.554 7.551 8.419 7.651 6.752 7.239 7.361 7.145 

@40 8.716 7.783 5.533 7.393 8.278 7.483 6.619 7.088 7.193 6.994 

@50 8.537 7.642 5.426 7.236 8.094 7.345 6.478 6.929 7.046 6.833 

 

4. Conclusions and future work 

In this research, EnOCCF approach with social information in SSN to OCCF was proposed for paper 

recommendation. The experimental results proved that comparing with the baseline recommendation 

approaches; the proposed EnOCCF approach got the best recommendation results. According to the results 

obtained in this research, it is clear that additional social information on the SSN can greatly improve 

recommendation accuracy. Thus in the future, this work will be extended by considering incorporating 

other more available additional information in the social network, such as time factor and the quality of 

the scientific papers (citations, journal impact factor).  
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Abstract 
 

In cloud computing service, provider and user are two of the main subjects. If these two subjects can 

provide and apply services normally, this will be the prerequisite for the mutual benefit of them and this 

ecology is also safe and benign. This paper constructs profit models by setting different economic factors 

under two categories of security breach. The mutually mechanism of provider and user is analyzed by 

taking benign decision-making of these subjects as the Nash equilibrium. Hence two quantitative 

conditions are obtained considering the dynamic game under the corresponding decision-making between 

them. This paper also analyzes mutually mechanism as internal and external condition according actual 

meaning of them in the various stages of cloud service operation.  

 

Keywords: Cloud services ecology, Security breaches, Economic factors, Mutualism Mechanism, 

Dynamic game 

 

1. Introduction 
Cloud computing technology is a computing model that utilizes Internet to organize resources on-demand 
to cooperate, deal with large-scale data processing, and provide user with efficient (Armbrust et al. 2010). 
Cloud computing services (cloud service for short) have included features: on-demand, anywhere access, 
multi-tenancy, scalability, measurability(Mell and Grance 2011).  

From the economic, the global market is about 52.24 billion US dollars in 2015, and will be expected to 
reach 143.53 billion US dollars in 2020. China's cloud service market reached 37.8 billion yuan in 2012 
rose to 5% in 2015 (Communications 2016). There is a fact about enterprise-class cloud services are often 
stable profitability but less audience, while ordinary user of cloud service has a huge population of Manulife, 
but business of them isn’t profitable even free. In order to maintain these businesses to get Manulife effect, 
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provider has to take economic back-up from other business, which is subsidized economic model that is 
considered in this paper. 
From the security, due to the openness of cloud service and various interests-driven abnormal use behaviors 
of user including malicious attacks and misappropriation and so on (Yu et al. 2015), security incidents have 
been uninterrupted since the birth of cloud service. In order to deal with these problems, cloud service 
security technology usually uses active defense, which is provider need to detect user before to provide 
services (Wang et al. 2015). Rationally provider tends to tighten the openness of services because of safety 
hazard, while the abnormal use behavior will also occur because the user is originally pursuit-driven. That 
is harmful for cloud service ecology. It is necessary that this paper discusses some conditions to promote 
openness of provider and to impel normal use from the security economics view in cloud service.  

Based on the above considerations, this paper describes the decision process of provider and user in the 

cloud service ecology. Firstly user applies service based on some purposes including normal use or 

abnormal for more profit. Then provider decides whether to serve user based on the result of security 

detection. Honestly security detection can’t be perfect which are considered to be false-positive and false-

negative failure in this paper (Chen et al. 2011; Gao et al. 2013). The user has two kinds of strategies that 

are normal and abnormal as an economic rational person, meanwhile the provider also has two kinds of 

corresponding strategies which are service and rejection under the imperfect security detection. Both parties 

will choose the optimal profit strategy constructed by economic factors, which is a dynamic game of 

incomplete information. 

2. The Game of Cloud Service 
There are many researches have been done by scholars in cloud service using game theory. Aras et al. from 
the point of intelligent energy management in cloud computing have discussed the strategy of equipment 
demand for different energy structure choice using game theory (Sheikhi et al. 2015). Amin et al. have 
analyzed the allocation of various resources in the cloud service and the price of the user's use from cloud 
computing resource allocation view by the non-cooperative game theory based on the incomplete 
information (Nezarat and Dastghaibifard 2015). These researches are rarely related to whether services can 
be achieved, as well as various economic factors and more types of security detection breach corresponding 
to different decision-making situations. This paper undertakes method to establish profit matrix in PPU 
model, and focuses on exploring conditions of provider serving normal user in possible decision-making 
set which is service and rejection of provider and normal and abnormal of user. Meanwhile more types of 
economic factors including subsidy in business, security detection breaches also are considered.  

2.1 Model Symbol and Hypothesis 
1) Game model：The decision-making of provider a  and user b  is expressed as a triple  { , , }G N S U , 

 { , }N a b  represents the participants set,  = ,a bS s s  is set of strategies, in which two kinds user’s decision 

(normal and abnormal behavior) shown by  1 2= ,b b bS s s , and provider’s decision (service and rejection) by 

 ,1 2=a a aS s s ,  = ,a bU u u  expresses the corresponding profit in strategies of provider and user. 

2) Economic factors: Resources are provided by provider a  to user b  expressed as k  virtual machines 

with the price p  and cost c  of each, and normal use behavior of user can obtain the normal benefit e . 

Service benefits for provider contains the service benefit pk  that user pay and the subsidy benefit 
otherB  

which may be new revenue streams from advertising, business push etc.. Meanwhile besides operating 
cost ck  provider also has other cost 

otherC  such as platform integration, security control and development 

etc. In order to simplify, this paper indicates = other otheru B C  as other profit of provider except the profit of 

user pay. 
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3) Security detection: Considering two types of security breaches including the false positive means 

misjudge normal user as abnormal and the false negative means opposite. Assuming the probability of 

former is   and the latter is   (Gao et al. 2013; Gibbons and Robert 1992), and corresponding two 

losses of provider the security loss 
riskl  and the reputation loss 

trustp  respectively. It is worth noting that 

the reputation loss also contains unilateral breach of contract of provider besides misjudge normal user as 

abnormal. At the same time security detection also bring user two economic factors, which is the illegal 

benefit 
riskb  from the false negative of provider and the punishment loss 

riskp  from the result of security 

detection provider deems, so there is the correct result and wrong that is the false positive. 

2.2 Profit Matrix 
Actually provider doesn’t really know user's decision, and the decision of provider is generated only on the 
basis of security detection. So this processing is the dynamic game of incomplete information. There are 
four kinds of decision-making portfolios which appear in right or wrong results of security detection on 
shown in Fig 1. 

ProviderProvider UserUser ProviderProvidernomal abnormal

server

reject server

reject

 1 1,a bs s

 2 1,a bs s  1 2,a bs s

 2 2,a bs s

Wrong result of security 
detection

Wrong result of security 
detection

Right result of security 
detection

Right result of security 
detection

False 
possitive

False 
possitive

False 
negative

False 
negative

 

Fig 1. The description of dynamic game 

The profit of provider and user come from subtracting total cost from the sum of various benefits. Due to 

the false positive and false negative in imperfect security detection, the game will be regarded as an 

expression of probability processing in the macro view. Therefore the profit matrix of the game is shown 

in Table 1. 

Table 1 Profit Matrix of Provider and User in Game 

Decision-making 
Profit 

Provider User 

Service;Normal         1 p c k u     1 e pk  

Service;Abnormal    [( ) ]riskp c k l u    [ ]riske pk b  

Rejection;Normal    [( ) ]trustp c k p u    [ ]riske pk p  

Rejection;Abnormal    (1 )[( ) ]p c k u      (1 )[ ]risk riske pk b p  

3. Nash Equilibrium Strategy and Mutually Mechanism 

3.1 Strategic Conditions for Nash Equilibrium 

1) For provider：In two kinds of user’s decision-making the maximum revenue strategy is expressed as 

the following: 

  1 2 1=argmax ,    a a a b b bu u u s s and s                       (1) 

When  1
b bs s , the provider take service decisions  1

a as s ,  

so                    1 trustp c k u p c k p u  
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      other other trustB C p c k p                       (2) 

When  2
b bs s , If provider also take service decisions  1

a as s ,  

so                    1riskp c k l u p c k u  

      other other riskB C p c k l                       (3) 

Generally, the reputation loss 
trustp  and the security loss 

riskl  of provider are a large positive number. And 

the false positive and false negative have  0 1  0 1 . Therefore (3) contains (2), so provider will 

take service decision as long as the subsidy benefit meets      other other riskB C p c k l . So that is 

conclusion about the subsidy benefit to promote openness. 

Proposition 1 In the cloud service, if the subsidy benefit of provider reaches      *
other other riskB C p c k l , 

provider tend to choose a more openness service strategy. 

This condition only occurs in user adopting abnormal behavior decision. Moreover if the subsidy benefit 

otherB  of provider can make the profit of the service decision is greater than the rejection decision under the 

certain false negative   like the formula (3), the provider certainly also perform the service when user 

adopts normal behavior decision. On the other hand,    other other riskB pk C ck l  can also be easily obtained, 

which also shows that if the total benefit otherB pk  of provider is greater than the total cost  
 other riskC ck l  in service decision, the attitude of provider certainly is certain. Furthermore, if the criterion 

of the subsidy benefit *
otherB  is considered as a linear function    * =other other riskpkB C ck l  of the service 

benefit pk , total cost otherC ck , and the real security loss of providers  riskl , the provider will choose the 

benign decision to support service when the subsidy benefit  *
other otherB B . 

2) For user: A certain degree of security detection will force user rationality tend to take normal behavior, 

there is a standard of these security failures. So the user's benign decision-making as shown in the formula 

(4), which can be further obtained the formula (5). 

  1 2 1 2    b b a a a au u No matter s s and s s                     (4) 

 

 

 

 

      

   



   

  

                        ( )

( )

    risk

risk risk risk risk risk

E pk E pk b E pk

E pk p E pk b p E pk b p
 (5) 

The highest critical standard of two faults needs to meet the formula (6.a) and (6.b) 

      0 0( )=riskE pk E pk b E pk                  (6.a) 

          0 0( ) =risk risk risk risk riskE pk p E pk b p E pk b p     (6.b) 

By the Cramer rule so 

    0 = risk risk riskE pk b p p                          (7) 

   0 riskE pk p                               (8) 

In general, user is willing to pay for cloud service, then the normal benefit is higher than the user to pay 

value E pk . The illegal benefit 
riskb  and the punishment loss 

riskp  which providers identify are greater 

than the zero, so  0 0 ,  0 0 . The line of the formula (6.a) is below the line of the formula (6.b) as 

shown in Fig. 3, since the standard of benign decision of user about the false positive and false negative 

is expressed as the region I triangular OED and the region II triangular OBC, and the region I contains II. 
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The standard is just expressed by the formula        ( )riskE pk E pk b E pk . Meanwhile, this formula 

means 
 



 




1 riskb

E pk
 

 0 0,A 

 0 ,0F 

 00,G 

O

Ⅰ

Ⅱ





0,
risk

E pk
B

E pk b

 
 

  

 1, 0C

 0,1D

,0risk risk

risk

E pk b p
E

E pk p

   
 

  

(6.a)

(6.b)  

Fig 3. The scheme of profit of user 

Proposition 2 As long as provider could control the false positive and false negative under a level 

expressed by        ( )riskE pk E pk b E pk , the ratio of the illegal and normal benefit of the user meets 

 



 




1riskb

E pk
, the user tends to choose the normal behavior strategy. 

The condition to make user take benign decision        ( )riskE pk E pk b E pk , which is expressed by 

     (1 )( )riskb E pk , and this formula means if the standard of security detection containing the false 

positive and false negative could make the real illegal benefit  riskb  is less than the real user's normal 

profit    (1 )( )E pk , then the user will choose normal behavior decision. From the perspective of user 

profitability, if provider could control the ratio of the illegal and normal benefit to achieve 
 



 




1riskb

E pk
. 

3.2 The Mechanism of Mutualism 

Through above analysis, the benign decision of user and provider in cloud service ecology is the 

prerequisite of mutual benefit. Combining above two propositions, the mechanism of mutualism cloud be 

divided two parts by the view of actual operator in cloud service. 

1) External conditions: To increase the subsidy benefit to promote provider to tend to serve. 

In the early of the cloud service, security is not good; provider needs to strive for more other profit including 

the subsidy to ensure the smooth provision of cloud services. The more subsidy benefit means more 

openness, until the subsidy reaches the criterion of the subsidy benefit *
otherB  by proposition 1, then the 

provider will to take the benign decision-making that is complete openness for service. For the subsidy 

benefit factors coming from external of cloud service which is external mechanism, on the one hand from 

other business channels like advertising, value-added services and profit from other apartment etc.; on the 

other hand may from some third parties such as the government. As long as cloud service provider cloud 

meets the external condition, the price cloud further reduces to further promote cloud services and lure new 

user. 

2) Internal condition: To reduce the probability of two security failures to impel user to take normal 

behavior. 
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With the maturity of cloud services and security detection technology continues to improve, although 

there is still some security breaches, as long as the false positive and false negative can make the actual 

illegal benefit of abnormal behavior is less than the normal benefit of user in macro, or the ratio of the 

illegal and normal benefit could be controlled under of a proportion of the standard constructed by two 

failures of security expressed by proposition 2, then user will choose the normal use of behavior. This 

condition is internal mechanism, and provider can reduce dependence of the profit such as the subsidy 

benefit to stimulus openness. 

4. Conclusion 

This paper builds a dynamic game model based on rational economic benefits for cloud service provider 

and user. The mutually mechanism of cloud service is discussed, which express the result that is the benign 

decision of provider and user in cloud service ecology, which could be expressed as two conditions that are 

external an internal influence to the decision-making of provider and user respectively, which reflect in the 

external subsidy profits to cloud service to promote service, and internal security control on restrictions of 

user behavior. This mechanism cloud help provider to build more quality operation and management 

mechanism of cloud service. 
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Abstract 
 

Mobile information technologies (IT) such as laptops, smartphones, and other handheld devices, for 

business and professional purposes, have made it increasingly feasible for employees’ work 

connectivity behavior after-hours, and a blurring of boundaries between work and non-work domains. 

Studies reveal that psychology detachment has positive effects on employees’ physical, mental state, 

and well-being; however, it is important to note that it is plausible that there is negative spillover on 

work performance through different mechanisms as well, especially in China’s context. Based on 

Conservation of Resources Theory and the Effort-Recovery Theory, we propose a cross-level model to 

illustrate the relation between daily detachment and two daily job performances, namely, 

Organizational Citizenship Behavior (OCB) and task performance behavior, at within-person level, and 

how Zhong-Yong thinking style, a China’s indigenous cultural thinking characteristic, at between-

person level moderate the effect of daily detachment on work behaviors. 

 

Keywords: work connectivity behavior after-hours (WCBA), psychology detachment, job performance, 

Zhong-Yong thinking style, experience sampling method (ESM) 

 

 
1. Main Text 
With the pervasive adoption of mobile Internet and technologies among individuals, more companies 

are exploring the potential of mobile information technologies (IT), such as laptops, smartphones, and 

other handheld devices, for business and professional purposes. Advanced mobile technologies, 

including wearable computing technologies (e.g., QR codes and Near Field Communication), sensor 

technologies on mobile devices (e.g., accelerometers, gyroscopes, magnetometers), GPS-enabled 

location-based services, and others are creating a range of new possibilities for individuals and 

businesses to benefit in various areas (Habjan et al. 2014; Saeedi et al. 2014; Mallat et al. 2009). 

According to the results of the 2015 Gartner CIO Agenda Survey, mobile technologies ranked fifth in 

terms of IT investment priority, and 36% of respondents listed mobile technologies as a top priority in 

IT investment, compared with 24% in 2014 (Gartner, 2015). In emerging economies like China, 

organizational adoption of mobile IT is also a hit. IDC predicts that the market sales of enterprise mobile 

applications (apps) will reach $4.2 billion with a compound growth rate of 45.3% during 2013–2017 

(IDC, 2013). 

We have entered a new era of workplace connectivity through the advent of portable wireless 

technologies (Schlosser, F.K, 2002). Mobile IT has rapidly become communication support systems for 

processing, sharing, storing, and analyzing data, linking all the members of a business organization, 

regardless of time and place (Aurélie. 2014). Mobile IT has been considered to not only significantly 

transform how employees work, communicate, collaborate, but also resulted in significant payback for 

organizations in terms of fewer costs, greater process efficiencies, new strategic alternatives, better 

decisions, maintaining customers, creating new core competencies (Basole, 2008). Enterprise mobility, 

referring to the application of diverse mobile IT in the context of work, has thus become a critical topic 

among information system (IS) scholars (Barnes, 2003; Sørensen, 2011, Chung et al. 2014). 
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Despite the envisioned increasing use and implementation of mobile IT in companies, yet we have little 

understanding of the implications for important aspects of work and work life. Mobile IT leads to 

effects that have a “dual nature”. They provide workers with almost permanent access to a company’s 

Information System (ERP, CRM, SCM, KM), contributing to the development of mobile IS, 

comprising the network of interconnected technological, social and organizational elements” (Lyytinen 

et al. 2002, p. 377) that enables individuals to connect to the office at anytime and from anywhere 

(Kossek et al.2012;Kreiner, Hollensbe et al.2009; Major et al.2006) and distinctions between work and 

non-work time are becoming blurring (Hassan, 2003; Kaufman, 2006). In particular, along with 

generating obvious business benefits, it also triggers negative reactions in individuals and requires them 

to adjust in various ways (Monideepa T. et al. 2007). A number of studies have documented these dual, 

and sometimes negative, effects of the implementation and use of mobile IT. The pervasiveness of 

modern IT often results in almost constant “connectivity” through e-mail, the Internet, and the phone. 

Individuals feel that since they are always connected, they are “on call” (Tarafdar, et al. 2007). This 

leads them to believe that they have lost control over their time and space, which creates feelings of 

being stressed out. There is no comprehensive framework or guideline for managers and decision 

makers to understand and evaluate mobile-related initiatives and strategies about work demands. Do 

the specific properties of mobile IS and the way they are enacted in practice result in a high level of 

quantitative job demands reflected in a high workload and time pressure? 

Our study seeks to contribute to this emerging area of research by examining mobile technology use 

from the perspective of Conservation of Resources (COR) theory (Hobfoll, 1988, 1989, 2001) and 

Effort-Recovery theory (Meijman et al. 1998). Specifically, we focus our study on work connectivity 

behavior after-hours (WCBA), defined by Richardson et  al.  (2011)  as  an employee’s “use of 

portable wireless enabled devices (laptop or handheld) to engage with work  or work-related 

colleagues during non-work time (e.g., mornings before work, evenings after work, weekends, or 

vacations)”. Further, work demands that extend beyond normal work hours can deplete an employee’s 

psychological and physical resources, time, energy and focus, ultimately affecting his or her well-

being (Halbesleben et al. 2009; Voydanoff, 2004). In recent years, the number of empirical studies on 

recovery from work has increased substantially (e.g., Bakker et al. 2013; Davidson et al. 2010; Fritz et 

al. 2010). Recovery framework is an important mechanism interpreting how employees can stay 

energetic, engaged, and healthy, even when facing high job demands (Sonnentag et al.2010; 

Trougakos et al.2008). Although research on the relationship between psychological detachment and 

well-being clearly seems to indicate positive linear relationships (Sonnentag et al. 2007, 2008), the 

impact of psychology detachment on work behaviors is complex and far from settled. One line of 

literatures suggests that psychological detachment from work during off-job time (Binnewies et al. 

2009; Sonnentag et al. 2010) and micro-break activities in the workplace (Ashforth et al. 2000; Kim et 

al. 2010; Trougakos et al.2008, 2014) are important factors attenuate the negative impacts of high job 

demands on work engagement. However, the other line of literatures adopts high levels of detachment 

may require  a longer time to get back into “working mode” which may be negatively associated with 

job performance (Fritz et al. 2010). How the level of “availability” and “detachment” affects 

employee job performance? In comparison with the prevalence, the Chinese indigenous study of work 

connectivity behavior after-hours (WCBA) and detachment is much scarcer. To fill in this gap, this 

research tries to explore the indigenous relationship of Chinese employee detachment and work 

behavior. 

Our overall goal is to provide theory-driven, prescriptive suggestions about the relationship between 

WCBA and employee job performance, as well as potential mediators of this relationship. The present 

study aims to address the following research questions. First, what are the effects of enterprise mobility 
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on employees’ psychological detachment and work behaviors? Second, do the configurations of these 

impacts differ in various Chinese organizational contexts? How long does it take for psychological 

detachment from work to generate its benefits? Finally, this study should help managers and decision 

makers to better understand the mobile IT enabled organizational change and how to foster the success 

of recovery from work demands and increase performance capabilities. 

 
2. Theoretical background 

 

2.1 Conservation of Resources (COR) theory 

Conservation of resources (COR) theory (Hobfoll, 1989) illustrates that individuals use various 

resources (e.g., physical energy and cognitive attention) to meet demands in their environment, but 

when their resources are depleted and not replenished, they experience stress. Therefore, individuals are 

motivated to retain, protect and preserve their resources. Resources can be external entities such as 

objects or financial assets as well as internal attributes such as personal characteristics or energies. In 

the context of work, as employees expend resources to complete  job tasks, their resources may be 

drained at the end of the workday (Sonnentag et al. 2007). 

 
2.2 Effort-Recovery theory 

Effort-Recovery theory (Meijman and Mulder, 1998) posits that employees expend efforts to address 

work demands, and their continued efforts result in acute load reactions, such as increased blood 

pressure, fatigue and negative affect. These load reactions are reversible, if employees take breaks from 

work demands. However, without sufficient recovery, the negative load reactions accumulate 

throughout the workday, resulting in strain. 

 

2.3 Psychological detachment 

Psychological detachment has been widely studied within the field of recovery. A core component of 

recovery inherent in leisure activities is psychological detachment-an individual’s sense of being away 

from work (Etzion et al. 1998). It implies more than just being physically away from work but 

disengaging mentally from it (Sonnentag et al. 2006; Siltaloppi et al. 2009). On these days, in particular, 

individuals might continue working at home, ruminate about work-related matters, and lack recovery 

(e.g., Taris et al. 2007). Empirical researches reveal that employees who successfully detach from work 

during after-work hours experience higher levels of life satisfaction and well-being (Sonnentag et al. 

2007), and show better performance (e.g., Binnewies et al. 2009; Demerouti et al. 2009). Continuous 

preoccupation with work during after-work hours and the inability to switch off from work are part of 

an unhealthy pattern characterized by high levels of fatigue, sleep complaints, and other indicators of 

poor well-being (Grebner et al. 2005; Van Hooff et al. 2006). It is not necessarily the activity itself that 

helps recovery, but the mechanisms behind those activities, such as relaxation and psychological 

distancing from job-related issues, which help people to recover from strain (Derks, 2014). 

 

2.4 Zhong-Yong thinking style 

Culture plays a significant role in shaping human perception, cognition and behavior (Norenzayan et al. 
2000; Masuda et al. 2001, 2006; Kitayama et al. 2003; Nisbett et al.2005; Miyamoto et al. 2006). Zhong-
Yong originating from the Confucian philosophy, emphasizes taking a holistic perspective on the entire 
situation before acting, rather than acting upon impulse (Yao et al. 2010). In The Doctrine of the 

Mean(《中庸》), the state of “equilibrium” and the state 

of “harmony” are emphasized and people are encouraged to achieve these mind states, “While there are 
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no stirrings of pleasure, anger, sorrow, or joy, the mind may be said to be in the state  of equilibrium. 

When those feelings have been stirred, and they act in their due degree, there ensues what may be called 

the state of harmony. Equilibrium is the great root from which grow all the human acting in the world, 

and harmony is the universal path which they all should 

pursue.（喜怒哀乐之未发, 谓之中; 发而皆中节, 谓之和. 中也者,天下之大本也;和也者,天 
下之达道也.致中和,天地位焉,万物育焉.）”. It encourages selecting a balanced and harmonized course 

of action, amidst conflicting forces within an interpersonal context (Yang et al. 1997). By a simplified 

definition, Zhong-Yong emphasizes that one should “consider things carefully from different 

perspectives, avoid going to extremes, behave in situationally appropriate ways, and maintain 

interpersonal harmony...” (Ji et al. 2010). Middle-Way thinking is regarded as a “good” individual 

attribute that the Chinese praise and pursue, and it has a major impact on Chinese  daily life (see Yang, 

2010 for a review). Related investigations have shown that East Asians, especially Chinese, behave in 

ways compatible with this “Zhong-Yong-oriented action model” in their everyday lives (Ji et al. 2000; 

Lee, 2000; Cheung et al. 2003). Zhong-Yong may moderate the effects of detachment on work behaviors. 

The present study test this assumption. 

 
3. Research design 

 

3.1 Hypothesis 

Hypothesis1: Higher levels of WCBA will result in lower levels of detachment. 

Hypothesis2: There is an inversed U-shape curvilinear relationship between psychological detachment 

and daily OCB (a), daily performance (b), such that work behaviors is highest under medium levels of 

detachment. 

Hypothesis3: Zhong-Yong thinking style moderates the effect of psychological detachment on the daily 

OCB (a) and daily performance (b), such that the negative relation between psychological detachment 

and work behaviors will be stronger for employees who perceive a  low level of Zhong-Yong cognitive 

orientation. 

 
3.2 Procedure and participants 

In order to verify our hypothesis, we collect the data by two phases. In the first phase, participants 

accomplish a questionnaire including demographic and individual-level variables. Two weeks later, we 

conduct daily surveys for daily detachment and daily job performance, namely, OCB and task 

performance behavior. As we treat daily detachment as a within-person change, we use Experience 

Sampling Method (ESM) to capture dynamic within-person variance in daily-detachment and daily-

behaviors. Ninety respondents receive an email with instructions and a link to the daily questionnaire at 

the right moments: in the morning (before going to work), in the afternoon (after work), and in the 

evening (before bedtime) each day for five successive workdays within one week. At the end of the 

survey, participants will complete the two phrases survey,  generating  experience-sampling ratings. 

Our data  employ hierarchical  linear  modeling (HLM) with MPLUS 6.11 software to analysis. Level 

1 is composed of data collecting at the day-level whereas Level 2 is composed of measurements at the 

person-level. Day-level data were nested within persons. We center predictor variables at the day-level 

variables (i.e., daily detachment, work behaviors) to each individual’s respective mean scores to remove 

possible between-person effects, predictor variables at the person-level around the grand mean. 

 
3.3 Measures 

WCBA measure. We use table developed by Richardson (2011) that lists various activities and events, 
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using the selections from the drop down boxes (e.g., Never, Rarely, Sometimes, Very often, or Always), 

indicating if one have ever used a handheld or laptop WED to perform job-related duties (e.g., review 

email, communicate with colleagues or clients, log on to a network server) in the course of the stated 

event. 

The Psychological Detachment Scale. The psychological detachment from work is measured  with 

questionnaire developed by Sonnentag and Fritz (2007) consisted of four well-validated items that 

referred to the target’s views of his/her non-work time over the past few days. The rating scale range 

from 1 (strongly disagree) to 5 (strongly agree). 

Work behavior. Employee performance of in-role behavior is measured by 7 items from Williams 

(1991), OCB is measured with a behavior Checklist including 8 items used by Dalal (2008). 

Zhong-Yong thinking style. The Scale composed of 13 items which are divided into three subscales that 

measure the three different aspects of Zhong-Yong, including diversification (i.e., considering things 

carefully from different aspects), integrity (i.e., integrating one’s and others’ perspectives), and harmony 

(i.e., acting in a manner for maintaining interpersonal harmony) (Wu et al.2005). Each item is scored 

on a 7-point Likert-type scale from “Strongly Disagree” (1) to “Strongly Agree” (7). An individual’s 

Zhong-Yong score is defined as the mean score of the average scores of the three subscales. The Zhong-

Yong score ranges from 1 to 7. 

 
3.4 Control variables 

Demographic variables. We additionally decide to control for gender, age, supervisory role, and job 

tenure. 
 

Figure 1. Theoretical model of relationships between variables 

4. References 
Ashforth, B. E., Kreiner, G. E., and Fugate, M. 2000. “All in a day’s work: Boundaries and micro role 

transition,” Academy of Management Review (25), pp.472-491. 

Binnewies, C., Sonnentag, S., and Mojza, E. J. 2009. “Daily performance at work: Feeling recovered in 

the morning as a predictor of day-level job performance,” Journal of  Organizational Behavior (30), 

pp. 67-93. 

Brynjolfsson, E., and Hitt, L.1996. “Productivity, profitability and consumer surplus: Three different 

measures of information technology value,” MIS Quarterly (20:2), pp.121-142. 

Boswell, W. R., and Olson-Buchanan, J. B. 2007. “The Use of Communication Technologies After 

491



 

  

Hours: The Role of Work Attitudes and Work-Life Conflict,” Journal of Management (33:4), pp. 592-

610. 

Chang, T. Y., and Yang, C. T. 2014. “Individual differences in Zhong-Yong tendency and processing 

capacity,” Frontiers in Psychology (5:11), pp. 1-11. 

Chung, S., Lee, K. Y., and Kim, K. 2014. “Job performance through mobile enterprise systems: The 

role of organizational agility, location independence, and task characteristics,” Information and 

Management (51:6), pp. 605-617. 

Derks, D., van Duin, D., Tims, M., and Bakker, A. B. 2015. “Smartphone use and work-home 

interference: The moderating role of social norms and employee work engagement,” Journal of 

Occupational and Organizational Psychology (88:1), pp.155-177. 

Fritz, C., Yankelevich, M., Zarubin, A., and Barger, P. 2010. “Happy, healthy, and productive: the role 

of detachment from work during non-work time,” The Journal of Applied Psychology (95:5), pp.977-

983. 

Habjan, A., Andriopoulos, C. and Gotsi, M. 2014. “The role of GPS-enabled information in 

transforming operational decision making: an exploratory study,” European Journal of Information 

Systems (23:4), pp. 481-502. 

Hoehle, H., and Venkatesh, V. 2015. “Mobile Application Usability: Conceptualization and Instrument 

Development1,”MIS Quarterly (39:2), pp. 435-472. 

Kim, S., Park, Y., and Niu, Q.2017. “Micro-break activities at work to recover from daily work 

demands,” Journal of Organizational Behavior (38:1), pp.28-44. 

Leclercq-Vandelannoitte, A., Isaac, H., and Kalika, M. 2014. “Mobile information systems and 

organizational control: beyond the panopticon metaphor?,” European Journal of Information Systems 

(23:5), pp.543-55. 

Monideepa T., Qiang T., Bhanu S. Ragu-Nathan, T.S. and Ragu-Nathan. 2002. “The Impact of 

Technostress on Role Stress and Productivity,” Journal of Management Information Systems (24:1), pp. 

301-328. 

Richardson, K., and Benbunan-Fich, R. 2011. “Examining the antecedents of work connectivity 

behavior during non-work time,” Information and Organization (21:3), pp.142-160. 

Sanz A. I., Demerouti, E., Bakker, A. B., and Moreno J.B. 2011. “Daily detachment from work and 

home: The moderating effect of role salience,” Human Relations (64:6), pp.775-799. 

Sonnentag, S., and Mojza, E. J. 2010. “Staying Well and Engaged When Demands Are High : The Role 

of Psychological Detachment,” Journal of Applied Psychology (95:5), pp. 965-976. 

Shropshire, J., and Kadlec, C. 2015. “Recovery from job stress: The stressor-detachment model as an 

integrative framework,” Journal of Organizational Behavior (17:2), pp.1-20. 
Trougakos, J. P., Hideg, I., Cheng, B., and Beal, D. 2014. “Lunch breaks unpacked: The role of autonomy as a 

moderator of recovery during lunch,” Academy of Management Journal (57), pp.405-421. 
  

492



 

  

Combining trust information in bipartite network-based algorithm to diversify 

recommendation results 
Ting Yu Junpeng Guo 

College of Management and Economics,  

Tianjin University, China 

College of Management and Economics,  

Tianjin University, China 

ytfg2030@163.com guojp@tju.edu.cn 

 

Abstract 

With the development of Web 2.0, recommender systems that are designed to address the bothersome 

issue of information overload have gradually become increasingly ubiquitous. A high-quality 

recommender system should contribute to diversifying the recommendation results and broadening users’ 

views. However, the majority of the existing recommender systems are accuracy-oriented, and they 

upgrade accuracy by sacrificing diversity and novelty. To diversify recommendation results, we utilize the 

information from users’ trustees to establish a bipartite network-based recommender algorithm. Through 

experiments, we confirm that our algorithm produces the most diverse recommendations meanwhile 

keeping ahead in accuracy. 

Keywords: Recommender systems, Bipartite network-based recommendation algorithms, Trust 

information, Recommendation accuracy, Recommendation diversity 

 

1. Introduction 

With Internet information explosive growth in the age of Web 2.0, recommender systems gradually 

become an indispensable technique to provide users with personalized suggestions to deal with 

information overload issue (Lü et al., 2012). The majority of existing recommender algorithms are 

accuracy-oriented, and tend to recommend popular items. Besides accuracy, user satisfaction also relates 

to the diversity and novelty of recommendations. Compered to novel items, recommending popular items 

offers little information to fresh users and frustrate users’ experiences. Due to limited historical data, 

recommending novel items inevitably decreases accuracy. There exists a diversity-accuracy dilemma to 

be solved imperatively to produce more satisfied recommendations (Zhou et al., 2010). 

Some physic dynamics based on the user-item bipartite network have been applied in recommender 

systems (Yu et al., 2016). Because of their high efficiency and low computational complexity, these 

physical approaches have been utilized to improve recommendation diversity (Yu et al., 2016). However, 

these algorithms are not immune from the negative effect of data sparsity and cold-start issues. As they 

merely consider the connections between users and items, they are limited to recommend items that are 

similar with users’ experienced items, and fail to uncover users’ potential. 

Some researchers involve trust information to uncover users’ potential interests and ameliorate the 

data sparsity and cold-start issues (Guo et al., 2014; Lu et al., 2015; Massa and Avesani, 2004). Through 

the trust relationships, reliable experienced information influences other people’s future experiences, 

including purchasing decisions. However, in addition to the influence from trustees, the personal interests 

of users also play a crucial role in decision-makings. Experienced users in particular often make decisions 

mainly depending on themselves. Thus, a continuing issue of concern is how to achieve a balance between 

the personal interests of users and the tastes of their trustees. 

In this paper, we conduct recommendation process like a resource allocation process in a user-item 

bipartite network. We first allocate items’ resources equally to users collecting them. Next, we enlarge the 

resources allocated to target users’ trustees on the basis of their trust propensity. Then, we modify users’ 

resources to avoid the negative impact of noise information. To accomplish diverse recommendations, we 

moderate the effect of item degrees and construct an algorithm. Through experiments, we prove that our 
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algorithm can produce the most diverse recommendations meanwhile keeping ahead in accuracy. 

 

2. Related work 

The accuracy of recommender systems has been a long-term focus in evaluating the quality of 

recommendations (Herlocker et al., 2004). However, accurate recommendations may not be equivalent to 

the satisfied recommendations. A high-quality recommender system contributes to diversifying the 

recommendation results and distributing users’ attention to novel items. Compared to popular items, the 

novel items often have limited historical data and are more difficult to be recommended to users. An 

increase in diversity may be accomplished by sacrificing accuracy. Recommending popular items can 

easily reach high accuracy, but decrease diversity simultaneously. Therefore, there is an apparent diversity-

accuracy dilemma (Zhou et al., 2010). 

Bipartite networks (Zhou et al., 2007) consist of two node sets, and only the connection between two 

nodes in different sets is allowed. Through a coarse-graining method, physicists apply the concepts from 

statistics physics to conduct personalized recommendations on a user-item bipartite network (Yu et al., 

2016; Zhou et al., 2007). These physics-inspired recommender algorithms have been demonstrated to be 

both highly efficient and of low computational complexity. As these bipartite-network based algorithms 

merely consider the connections between users and items, their recommendation results are limited to 

items that are similar with users’ experienced items. Though some algorithms take item degrees and user 

degrees into account to diversify recommendations, they ignore the social interactions among users and 

fail to uncover users’ potential interests. 

 

3. Combining trust information in bipartite network-based recommender algorithm 

3.1 Involving users’ trustees in the process of resource allocation 

In this section, we intend to involve the information of users’ trustees in the process of resource 

allocation. 

After resource allocation from items to users, the resources that are received by uj from ui’s the 

collected items are 

0

1

/
n

ij i jf f a ko  
 

  ,                                          (1) 

where fiβ
0 is the initial resource that is allocated to item oβ. 

The goal of users in the construction of trust relationships with other users is to consult reliable 

information for their unfamiliar objects and to reduce the potential uncertainty and risk. The influence 

produced by users’ trustees is restricted by the target users’ trust propensity. As a global trust property, 

trust propensity (McKnight, 2001) refers to the extent to which a trustor tends to trust other users. Users 

with higher trust propensities are more willing to depend on their trustees and are more significantly 

influenced by their trustees. We model ui’s trust propensity as his role in the trust network which is 

calculated by PageRank (Page et al., 1999). To involve the influence from ui’s trustees, we enlarge the 

resources allocated to his trustees as follows: 

ij ij ij ift f t pr   ,                                           (2) 

where fij is the interest similarity between ui and uj, pri represents ui’s role in the trust matrix, and tij is the 

element in the trust matrix. η is used to control the effects of users’ trustees. 

 

3.2 The biased similarity preferential mass diffusion based on competence and trust 

After we include the information from users’ trustees in the process of resource allocation, we 

continue the resource allocation process from users to items.  
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In the resource allocation process from items to users, some irrelevant users will be allocated 

resources. For example, a popular item can allocate resources to lots of users, and the resource allocation 

based on sparse datasets will amplify the roles of irrelevant users. Thus, it is necessary to adjust the 

resources calculated by Equation (2). 

In the resource allocation process of MD from users to items, popular items tend to receive more 

resources and have more chance to appear in users’ recommendation lists. To accomplish diverse 

recommendations, we take the item degrees into account. Through this way, the resource oα received both 

depend on each user who collected it and the total number of users who collected it.  

Based on the above analysis, the resource that is received by item oα is 

1

1 m
j

i ij

j j

a
f ft

ko ku

 

 

 

  ,                                          (3) 

where θ is the tunable parameter to adjust the resources received by users, λ is utilized to control the effect 

of item degrees, and ftij is the resources uj receives. The top-L uncollected items with the highest resources 

construct the recommendation list for ui. 

In summary, we involve the information from users’ trustees in the resource allocation process. To 

address the diversity-accuracy dilemma, we construct an algorithm, which is called the biased similarity 

preferential mass diffusion based on users’ trustees (BSPMDBT).  

 

4. Experiments and result analysis 

4.1 Datasets 

To test the performance of our algorithm, we conduct experiments on FilmTrust datasets provided by 

Guo et al. (2013). Users in FilmTrust construct trust relationships with other users whose reviews provide 

valuable information to support their decision-makings. Users rate films on a scale from a half star to four 

stars with step 0.5. When a user rates an item no less than 2.5, we construct a link between this user-item 

pair in the bipartite network. After the above coarse-graining, there are 28579 links exited in 1642 users 

and 2071 items. The number of trust reviews among users is 1853. In our experiments, a 10-fold cross 

validation is used. The target users in our experiments are users who simultaneously have links in the 

probe set and trust reviews to other users. 

 

4.2 Evaluation 

To evaluate our experiments, we compare accuracy and diversity of our algorithm with two bipartite 

network-based algorithms, namely HHPH algorithm (Liu and Zhou, 2012) and SPMD+SPHC (Zeng et 

al., 2014). Accuracy is measured by the ranking score (Zhou et al., 2007) and precision (Herlocker et al., 

2004). Smaller ranking score and higher precision indicate better predictive accuracy. Diversity is 

measured by the Hamming distance, intra-similarity (Yu et al., 2016) and diversity-in-top-L (Adomavicius 

and Kwon, 2012). A well-performing recommender algorithm should result in high Hamming distance, 

low intra-similarity and high diversity-in-top-L.  

 

4.3 Results and discussion 

To evaluate the performance of our algorithms, we conduct a series of experiments to evaluate the 

accuracy and diversity of recommendation results. The dumping factor is set at 0.85 to calculate users’ 

roles in the trust matrix. 

Table 1 displays the detailed results of each dataset. The length of the recommendation list is set at 

20. The parameters corresponding to the lowest ranking scores are selected. In Table 1, BSPMDBT 

consistently receives the lowest ranking score. But the precision of BSPMDBT is slightly lower than 

SPMD+SPHC. As the items in the probe set can be deemed as users’ real interests, the lowest ranking 
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score indicates that BSPMDBT can more accurately uncover users’ preferences. In addition to measures 

for accuracy, Table 1 also shows the performance of the aforementioned algorithms on diversity. 

Obviously, the performance of BSPMDBCT for recommendation diversity is superior to other algorithms. 

 
Table 1 Results on the FilmTrust dataset (L=20) 

Methods R P(L) H(L) I(L) D(L) 

HHPH (η=0.1 λ=0.7) 0.10223592 0.09225669 0.60165573 0.46595949 402 

SPMD+SPHC (θ=1.2 λ=0.7) 0.10205603 0.09284696 0.61596620 0.46321999 446 

BSPMDBT (η=0.4 θ=1.1 λ=0.2) 0.10043105 0.09280112 0.64128346 0.43663207 553 

 

5. Conclusions 

In this paper, we involve the information from users’ trustees in the resource allocation process to 

solve the diversity-accuracy dilemma. After allocating resources from the target users’ collected items to 

other users, we enlarge the resources allocated to their trustees on the basis of their trust propensity. Then, 

we use a tunable parameter to modify users’ resources to avoid the negative impact of noise information. 

Finally, the effect of item degrees is moderated to accomplish diverse recommendations. By 

experimenting on FilmTrust dataset, we confirm that our algorithm can produce the most diverse 

recommendations meanwhile keeping ahead in accuracy. The results confirm that the information from 

users’ trustees can more efficiently uncover users’ preferences and accomplish recommendation diversity. 
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Abstract 
Multi-period product release strategy, namely, releasing new versions of a product after its previous 

release in its lifetime, has been widely adopted by major software vendors, such as Microsoft, Adobe, and 

Oracle. This research constructs a two-period model to explore software vendors’ release policies on 

whether to offer a low-quality version in advance in a duopoly setting. We find that when the uncertainty 

level of consumer requirement is high and the positive word-of-mouth effect is weak, it is better for both 

firms to delay releasing their products. When the former is low and the latter is strong, it is optimal for 

both firms to release a low-quality version in the first period. When both are moderate, only one firm is 

willing to release a low-quality version. Besides, a significant growth of future market demand makes both 

firms prefer to delay the release of their products. 

 

Keywords: Software products, Duopoly setting, Release strategy, Requirements uncertainty, Word-of-

mouth effects 

 

1. Introduction 
Since software products are developed using a flexible and modular architecture, adding features to an 

existing software product is relatively easier compared with physical goods. Many software companies 

take “multi-period product release strategy” by initially releasing elementary versions of their products 

and then incrementally offering additional features over time through upgrades to the existing products 

(Cusumano and Selby 1997). For example, Microsoft releases a new version of Windows operating system 

every a few years. Similarly, Adobe Illustrator, a vector graphics editor provided by Adobe, has been 

updated to the 19th version (version number CC 2015). 

  At the beginning of the development of many software products, users and analysts do not have a clear 

sense what is needed, leading to an obscure and incomplete set of requirements(Rowen 1990). Besides, In 

addition, prior to the use of a software product, customers usually do not know all of their requirements 

explicitly, and many real requirements are mainly uncovered through their experiences using the software, 

namely, evolving requirements (Nuseibeh and Easterbrook 2000), which are most probably associated 

with the changes of users’ behavior and business requirements.  

Facing the consumers’ requirement uncertainty, some software vendors may delay releasing its products 

until consumers’ requirements are explicit, while other software vendors prefer to release its immature 

lower-quality version immediately to penetrate the market. The former software vendor could avoid the 

negative word-of-mouth (WOM) effect generated by consumer requirement uncertainty, but it will miss 

the chance to capture the early adopters. In contrast, the latter software vendor will take the first-mover 

opportunity to diffuse its products, which may produce positive WOM effect in later periods. However, it 

will run a risk of suffering negative WOM effect caused by the mismatch of software features and 

consumer requirements due to the uncertainty of the consumer requirement. 
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Dogan et al. (2011) studied the influence of demand endogeneity and demand variability on monopoly 

software vendor’s versioning strategy in two-period setting, but he did not consider duopoly market 

environment. Etzion and Pang (2014) modeled the competition between two firms that provide a 

differentiated product, and examined the condition under which firms should offer the value-added service 

with network effects. Zhang et al. (2016) investigated whether software vendors should offer a free core 

product and a paid service or offer them as a bundle in duopoly setting in the presence of network effects. 

However, they just explored the single period’s decision problem and did not consider consumer 

requirement uncertainty and the WOM effect in two-period setting. 

In this paper, we construct a two-period software release strategies model in a duopoly setting with two 

software providers. The purpose of this research is to examine firms’ strategies on whether to delay the 

release of its products or to release a lower-quality version immediately under different levels of consumer 

requirement uncertainty and WOM effect, and then investigate the impact of the changing market demand 

on firms’ release strategy. 

 

2. Model 
We consider a market with two competing software firms, Firm A and Firm B, selling substitutive software 

products. At the beginning of the first period, both firms have developed low-quality version products, 

denoted by 𝑞𝐿
𝐴 and 𝑞𝐿

𝐵, but they need to make decisions on whether to release them in the presence of 

consumer requirement uncertainty. When consumers’ requirements become certain in the second period, 

each firm will release a full-quality version, denoted by 𝑞𝐹
𝐴 and 𝑞𝐹

𝐵. To make the model analytically 

tractable, we assume that two low-quality versions have equal quality levels and the quality levels of two 

full-quality versions are also identical, namely 𝑞𝐿
𝐴 = 𝑞𝐿

𝐵 = 𝑞𝐿 and 𝑞𝐹
𝐴 = 𝑞𝐹

𝐵 = 𝑞𝐹. Consistent with prior 

literature (Dogan et al. 2011), “quality” in our study refers to the number of function points of a software. 

According to two firms’ decisions, all market configurations are categorized into four scenarios: Both do 

not release the products until the second period, denoted as Case NN, one releases a low-quality version 

while the other does not release any version in the first period, denoted as Case RN or Case RN, and both 

offer a low-quality version in the first period, denoted as Case RR. 

In the first period, there are 𝑁1 consumers in the market who are heterogeneous in terms of their 

willingness to pay for each product, and each consumer needs at most one product from either of the two 

firms. For all consumers in each period, we assume that consumers are uniformly distributed along a unit 

line (Hotelling 1929) in terms of their preferences 𝜃, with Firm A located at 0 and Firm B located at 1. 

Consumers’ willingness to pay for each product decreases in the distance between consumer’s location 

and the firm’s location. The utilities consumer gets from buying the product of Firm A and Firm B in the 

first period are 𝑢1
𝐴_ℎ = 𝑍𝐴 ∙ [(1 − 𝜃)𝑞𝐿

𝐴 − 𝑝𝐿
𝐴_ℎ] and 𝑢1

𝐵_ℎ = 𝑍𝐵 ∙ [𝜃𝑞𝐿
𝐵 − 𝑝𝐿

𝐵_ℎ] respectively when the 

options regarding releasing strategies are given by h, where ℎ ∈ {𝑁𝑁, 𝑅𝑁,𝑁𝑅, 𝑅𝑅}. If Firm A does not 

release the low-quality version 𝑍𝐴 = 0 ; otherwise, 𝑍𝐴 = 1 . Similarly, 𝑍𝐵 = 0  if Firm B does not 

release the low-quality version, otherwise 𝑍𝐵 = 1. 𝑝𝐿
𝐴_ℎ and 𝑝𝐿

𝐵_ℎ refer to the prices of the low-quality 

version of the two firms respectively.  

In the second period, there are 𝑁2 consumers in the market who are also uniformly distributed in terms 

of their preferences 𝜃. Specifically, we assume that 𝑁2 = 𝛿𝑁1 and 𝛿 ≥ 1 indicating market expansion. 

The utilities consumer gained from purchasing the software of Firm A and Firm B in the second period 

are 𝑢2
𝐴_ℎ = (1 − 𝜃)𝑞𝐹 + 𝑍𝐴 ∙ 𝑤𝑜𝑚(𝑞𝐿) − 𝑝𝐹

𝐴_ℎ  and 𝑢2
𝐵_ℎ = 𝜃𝑞𝐹 + 𝑍𝐵 ∙ 𝑤𝑜𝑚(𝑞𝐿) − 𝑝𝐹

𝐵_ℎ  respectively 

when the options regarding release strategies are given by h, where 𝑤𝑜𝑚(𝑞𝐿) refers to the WOM effect 

generated from the first period’s consumers, 𝑝𝐹
𝐴_ℎ and 𝑝𝐹

𝐵_ℎ refer to the prices of the full-quality version 

of Firm A and Firm B. Specifically, 𝑤𝑜𝑚(𝑞𝐿) = 𝛼𝑞𝐿 − 𝛽𝑘𝑞𝐿
2, where 𝛼𝑞𝐿  represents positive WOM 
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effect depending on the initial features released in the first period, and 𝛼 represents the intensity of 

positive WOM effect. 𝛽𝑘𝑞𝐿
2 refers to negative WOM effect caused by the mismatch between 𝑞𝐿 and 

consumers’ real requirements, 𝛽 refers to the intensity of negative WOM effect and 𝑘𝑞𝐿
2 refers to the 

mismatch level between 𝑞𝐿 and consumers’ real requirements, where 𝑘 stands for the level of consumer 

requirement uncertainty. Usually, software vendors will firstly develop the fundamental function modules 

of which requirement are relatively clear for consumers when developing a software, then software 

vendors begin to add those function modules of which requirements are uncertain to the fundamental 

version. Thus, as the number of features increases, the mismatch level will grow more quickly. For the 

sake of analytical tractability, we define that the mismatch level is a quadratic function of the number of 

function points. 

  We assume that the market is fully covered and each firm has positive demand for its product if there 

are two low-quality versions or two full-quality versions available in the market. The goal of the firms is 

to maximize their profits by choosing optimal release and pricing strategy under different market 

environment. Letting 𝑢1
𝐴_ℎ = 𝑢1

𝐵_ℎ, we could get the location of the marginal consumer who is indifferent 

between two firms’ products, denoted by 𝜃1
ℎ. In the second period, consumers purchase a full-quality 

version from either of the two firms. Setting 𝑢2
𝐴_ℎ = 𝑢2

𝐵_ℎ, the location of the marginal consumer who is 

indifferent between buying 𝑞𝐹
𝐴 and 𝑞𝐹

𝐵 is: 𝜃2
ℎ =

𝑞𝐹−𝑝𝐹
𝐴_ℎ+𝑝𝐹

𝐵_ℎ

2𝑞𝐹
. For spatial competition of two periods, it 

must be that 𝑢1(𝜃1
ℎ) ≥ 0, 0 ≤ 𝜃1

ℎ ≤ 1 and 𝑢2(𝜃2
ℎ) ≥ 0, 0 ≤ 𝜃2

ℎ ≤ 1. The optimization problem of two 

firms can be described by: 

 max
𝑍𝐴𝑝𝐿

𝐴_ℎ,𝑝𝐹
𝐴_ℎ

𝜋𝐴_ℎ = 𝑍𝐴𝑝𝐿
𝐴_ℎ𝜃1𝑁1 + 𝑝𝐹

𝐴_ℎ 𝜃2𝑁2  

 s.t.    𝑢1(𝜃1
ℎ) ≥ 0, 0 ≤ 𝜃1

ℎ ≤ 1  

 max
𝑍𝐵𝑝𝐿

𝐵_ℎ,𝑝𝐹
𝐵_ℎ

𝜋𝐵_ℎ = 𝑍𝐵𝑝𝐿
𝐵_ℎ(1 − 𝜃1)𝑁1 + 𝑝𝐹

𝐵_ℎ(1 − 𝜃2)𝑁2  

 s.t.    𝑢2(𝜃2
ℎ) ≥ 0, 0 ≤ 𝜃2

ℎ ≤ 1  

3. The Software Release Decision 
In the following section, we discuss four possible market configurations in equilibrium respectively and 

then conduct market equilibrium analyses.  

 

3.1 Case NN: Neither Firm Releases the Low-quality Version 

Because both firms do not release the low-quality version in the first period, no transaction occurs in the 

market and both firms’ profits are zero in this period. In the second period, both firms release a full-quality 

version and consumers choose the one that gives them maximum utility from two options. By solving the 

optimization problem, we get the following proposition:  

Proposition 1 In the case that both firms do not release the low-quality version in the first period (Case 

NN), the optimal prices for the full-quality versions of two firms are 𝑝𝐹
𝐴_𝑁𝑁∗ = 𝑝𝐹

𝐵_𝑁𝑁∗ =
𝑞𝐹

2
, accordingly, 

the resulting market shares and profits are 𝐷𝐴_𝑁𝑁∗ = 𝐷𝐵_𝑁𝑁∗ =
𝛿𝑁1

2
 and 𝜋𝐴_𝑁𝑁∗ = 𝜋𝐵_𝑁𝑁∗ =

𝛿𝑁1𝑞𝐹

4
. 

From proposition 1, we find that the problem faced by two firms in Case NN becomes pricing decision 

in single period. Both firms price their full-quality version half of the value of the product, and get half of 

the market coverage respectively and the equivalent profits. They are not affected by WOM effect and 

consumer requirement uncertainty. 
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3.2 Case RN/NR: Only One Firm Releases the Low-quality Version 

Without loss of generality, we assume that only Firm A releases a low-quality version 𝑞𝐿
𝐴 in the first 

period while its competitor Firm B delays releasing its product until the second period. The solution when 

only Firm B offers a low-quality version can be derived in a similar manner.   Thus, we have Proposition 

2.  

Proposition 2. In the case that only one firm releases the low-quality version in the first period (Case 

RN), Firm A sets the price of the low-quality version as 𝑝𝐿
𝐴_𝑅𝑁∗ =

𝑞𝐿

2
 and the price of the full-quality 

version as 𝑝𝐹
𝐴_𝑅𝑁∗ =

3𝑞𝐹+𝛼𝑞𝐿−𝛽𝑘𝑞𝐿
2

3
, and the Firm B sets the price of the full-quality version as 𝑝𝐹

𝐵_𝑅𝑁∗ =

3𝑞𝐹−𝛼𝑞𝐿+𝛽𝑘𝑞𝐿
2

3
 . Thus, the optimal demands of the two firms are 𝐷𝐴_𝑅𝑁∗ =

𝑁1

2
+

𝛿𝑁1(3𝑞𝐹+𝛼𝑞𝐿−𝛽𝑘𝑞𝐿
2)

6𝑞𝐹
  and 

𝐷𝐵_𝑅𝑁∗ =
𝛿𝑁1(3𝑞𝐹−𝛼𝑞𝐿+𝛽𝑘𝑞𝐿

2)

6𝑞𝐹
 , the optimal profits of the two firms are 𝜋𝐴_𝑅𝑁∗ =

𝑁1[9𝑞𝐹𝑞𝐿+2𝛿(3𝑞𝐹+𝛼𝑞𝐿−𝛽𝑘𝑞𝐿
2)]

36𝑞𝐹
 and 𝜋𝐵_𝑅𝑁∗ =

𝛿𝑁1(3𝑞𝐹−𝛼𝑞𝐿+𝛽𝑘𝑞𝐿
2)

2

18𝑞𝐹
. 

  From Proposition 2, when the positive WOM effect is strong enough, releasing a low-quality version 

in the first period is the optimal choice for a firm only if its competitor does not release a low-quality 

version. Stronger positive WOM effect or lower uncertainty level of consumer requirement is beneficial 

to the firm that releases the low-quality version but damages the profit of the firm which does not release 

the low-quality version. 

 

3.3 Case RR: Both Firms Release the Low-quality Version 

Now we analyze the case where both firms release the low-quality version in the first period. Consumers 

choose a low-quality version from either of two firms in the first period. By solving the nonlinear 

programming model, we get the following proposition: 

Proposition 3. In the case that both firms release the low-quality version in the first period (Case RR), 

two firms set the prices of the low-quality version as 𝑝𝐿
𝐴_𝑅𝑅∗ = 𝑝𝐿

𝐵_𝑅𝑅∗ =
𝑞𝐿

2
 and the prices of the full-

quality version as 𝑝𝐹
𝐴_𝑅𝑅∗ = 𝑝𝐹

𝐵_𝑅𝑅∗ =
𝑞𝐹+2(𝛼𝑞𝐿−𝛽𝑘𝑞𝐿

2)

2
. Thus, the optimal demands of the two firms are 

𝐷𝐴_𝑅𝑅∗ = 𝐷𝐵_𝑅𝑅∗ =
𝑁1(1+𝛿)

2
 , and the optimal profits of the two firms are 𝜋𝐴_𝑅𝑅∗ = 𝜋𝐵_𝑅𝑅∗ =

𝑁1[𝑞𝐿+𝛿𝑞𝐹+2𝛿(𝛼𝑞𝐿−𝛽𝑘𝑞𝐿
2)]

4
. 

In Case RR, both firms set equal prices for their products, obtain the same market share and equivalent 

profits. The change of uncertainty level of consumer requirement and the positive WOM effect have the 

same effect on both firms’ profits. Namely, as the uncertainty level of consumer requirement declines or 

the intensity of positive WOM effect becomes larger, the profits of both firms are increased, and vice 

versa.  

 

3.4 Market Equilibrium Analysis 

In this two-stage game setting, each firm firstly chooses whether to release a low-quality version, and then 

sets prices to released products to maximize its total profit. The resulting equilibrium outcomes derived 

by examining payoffs of the two firms are presented in Proposition 4. 

Proposition 4. (Market Equilibrium) 

i) Both firms do not release the low-quality version in the first period. Case NN is an equilibrium iff (i.e., 

if and only if) 𝑘 > �̅� and 𝛼 < 𝐴. 
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ii) Both firms choose to release the low-quality version in the first period. Case RR is an equilibrium iff 

𝑘 < 𝐾 and α > 𝐴 . 
iii) Only one firm chooses to release the low-quality version in the first period. Case RN or Case NR is an 

equilibrium iff 𝐾 < 𝑘 < �̅� and 𝐴 < α < 𝐴 . 

Where 𝐾 =
𝛼

𝛽𝑞𝐿
+

−15𝛿𝑞𝐹+3√𝛿(23𝛿+2𝑞𝐹𝑞𝐿)

2𝛿𝛽𝑞𝐿
2 , �̅� =

𝛼

𝛽𝑞𝐿
+

6𝛿𝑞𝐹−3√2𝛿(𝛿−𝑞𝐹𝑞𝐿)

2𝛿𝛽𝑞𝐿
2 ,  

𝐴 = �̅�−1(𝛼),  𝐴 = 𝐾−1(𝛼). 
Given that β = 1, 𝑞𝐹 = 1, 𝑞𝐿 = 0.8, Figure 2 depicts the market equilibrium when 𝛿 = 1  and 𝛿 =

5. We could find that when the uncertainty level of consumer requirement is high but the intensity of 

positive WOM effect is weak, the equilibrium where both firms do not release the low-quality version in 

the first period prevails (area NN). When consumers’ requirements are easy to ascertain but the positive 

WOM effect is strong, both firms choose to release a low-quality version in the first period in equilibrium 

(area RR). However, when the uncertainty level of consumer requirement and the intensity of positive 

WOM effect are both moderate, there is an equilibrium in which only one firm chooses to release a low-

quality version in the first period (area RN/NR). 
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(a) 𝛿 = 1 (b) 𝛿 = 5 

Figure 2 Market equilibrium when 𝛿 = 1 and 𝛿 = 5 

Now we examine the impact of market expansion on market equilibrium. Obviously, as the ratio of two 

periods’ demands 𝛿 increases, 𝐾 and �̅� become smaller but 𝐴 and 𝐴  become larger. As depicted in 

Figure 2, when the market demand grows in the second period (from 𝛿 = 1 to 𝛿 = 5), some equilibrium 

RN or NR may convert to equilibrium NN, and some equilibrium RR shift to equilibrium RN or NR. This 

demonstrates that when facing larger market demands in the second period relative to that in the first 

period, firms become more sensitive to the consumer requirement uncertainty and the positive WOM 

effect when they decide whether to release a low-quality version in the first period. Only when the 

uncertainty level of consumer requirement is lower and the intensity of positive WOM effect is stronger 

are firms willing to release a low-quality version in the first period. 

 

4. Conclusions 
In market equilibrium, when the uncertainty level of consumer requirement is sufficiently high and the 

positive WOM effect is weak enough, both firms will delay the release of their products. On the contrary, 

when consumers’ requirements are easy enough to grasp and the positive WOM effect is sufficiently 

strong, it is optimal for both firms to deliver a low-quality version in the first period. Besides, if the level 

of consumer requirement uncertainty and the intensity of positive WOM effect are modest, each firm will 
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adopt the strategy which is contrary to its competitor. Finally, under the condition that the market demand 

grows rapidly, firms will become more reluctant to offer a low-quality version in the first period. 
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Abstract 
 

Online health communities are increasingly popular sources of information and support for people with 

health concerns. Encouraging users to make contributions on these platforms, however, is a challenge. 

In online health communities, users’ contributions can be motivated by their own needs to seek support, 

or the altruism to help others. Social capital regards to the accessible resources has been explored as 

an important indicator of users’ contributions in some web-based environment. Using an online health 

community for cancer survivors, this study examined if a user’s social capital could impact the user’s 

level of future contributions. The outcome reveals that different types of social capital may trigger a 

user’s future contributions in one or more ways. The results of the study will have implications for 

sustaining successful health communities on the internet. 

 

Keywords: Online Health Community, Social Capital, Future Contributions, Social Support 

 
1. Introduction 

Healthcare is a major challenge for modern society and has drawn the attention of stakeholders well 

beyond the healthcare industry. The ubiquity of the internet has made it easier for individuals to obtain, 

process and understand health-related information. According to a report from the Pew Research Center 

(Fox 2014), 72% of U.S. adults have used the internet to obtain information about medical conditions. In 

addition to simply seeking information through web portals, such as Wikipedia and WebMD, internet 

users also interact with others online to obtain knowledge and support. People communicating via the 

internet about common concerns often form online communities, such as discussion forums and bulletin 

boards. Online communities designed specifically for people with a health interest are referred to as Online 

Health Communities (OHCs). 

 

Like other online communities, OHCs allow users to seek, receive and interpret information on a 24/7 

basis. Without barriers in terms of location and time, OHCs help users to acquire information about their 

health concerns that might not be easy to acquire from traditional face-to-face (FTF) networks. For 

example, rare-disease patients are often unable to find people in the same city who are facing similar 

problems, so they seek help online. In addition, news of novel treatment and effective medicines spread 

via the internet first. The combination of these factors makes OHCs important platforms for users wishing 

to share information and support. 

 

The success of OHCs depends largely on sustained participation and voluntary contributions from users 

(Burke et al. 2009). Triggering user contributions is considered the greatest challenge in such virtual 

communities, because much of the value of OHCs comes from sustained levels of activity within the 

community. Although knowledge sharing in online communities has long been studied, few such studies 

have been conducted in the scenario of OHCs, especially exploring factors may impact users’ future 

contribution. In this study, with social support analysis, we will differentiate user contributions based on 

their interest and explore the factors that have an impact on users’ future contributions to OHCs from the 

social capital perspective. 
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2. Background 
After reviewing earlier studies on similar topics, we designed our study to examine the relevant issues 

based on social support and social capital analysis. In this part, we will provide definitions of relevant 

concepts. 

 

2.1 Social Support 

Social support theory describes how social relationships between people can influence the well- being of 

individuals. According to Shumaker and Brownell (1984), social support refers to “the exchange of 

resources between at least two individuals perceived by the provider or the recipient to be intended to 

enhance the well-being of the recipient”. Earlier studies have demonstrated that seeking and receiving 

social support is one of the key benefits to users’ participating in OHCs. Literature on social support has 

identified different types of social support. In this research, we adopted the categorization of social 

support used in paper (Bambina 2007; Keating 2013): informational support, emotional support, 

companionship (a.k.a., network support), and instrumental support. 

 

Informational support is the transmission of information, suggestions or guidance. An informational 

support post in an OHC is usually related to advice, referrals, education or personal experience with the 

disease or health problem. Typical topics include side effects of a drug, ways to deal with symptoms, 

experience with a hospital and medical insurance problems. Users can seek informational support (e.g., 

“What are the side effects of this drug?”) or provide informational support (e.g., “This procedure is not 

covered by most insurance companies”). 

 

Emotional support, as its name suggests, concerns the expression of understanding, encouragement, 

empathy, affection, affirmation, validation, sympathy, caring, concern, etc. Such support can help reduce 

levels of stress or anxiety in users. As with informational support, an OHC user can seek or provide 

emotional support (e.g., “I have taken antidepressants, they mitigate the damage, but do not block the 

pain or sadness I feel” and “Hope you feel better soon, we are here to help! Prayers Hugs!”). 

 

Companionship consists of chatting, humor, teasing, as well as discussions of offline activities and daily 

life that are not necessarily related to health problems. Examples include sharing jokes, birthday wishes, 

holiday plans, or online scrabble games. We did not differentiate the seeking and provision of 

companionship, because the nature of companionship is about participation and sharing. By getting 

involved in activities or discussions about companionship, one is seeking and providing support at the 

same time (e.g., “Have a wonderful time in Florida, enjoy the sun and fun.”). 

 

Instrumental support, or tangible support, refers to offline support activities, such as transporting others 

to hospitals, providing assistances with grocery shopping, etc. 

 

2.2 Motivations for users’ contributions 

Different from many other types of online communities, user participation in an OHC benefits not only 

the community, but also OHC users themselves. Participating in OHCs can help users gain more 

information, better understand their own circumstances, make decisions that may affect their lives and 

acquire resources offline. In spite of all the benefits, many OHCs face high churn rates from users, and 

users sometimes prefer to read as ‘lurkers’ instead of contributing. Thus, understanding the motivation 

for users contributing becomes important. Some online communities feature mechanisms to explicitly 

reward user contributions (e.g., virtual badges or stars), and these online rewards can sometimes have 
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monetary implications. For example, a programmer’s badges on StackOverflow can potentially earn her 

a well-paid job. In the absence of such explicit mechanisms, as is the case for many OHCs, people’s 

continued contribution is often driven by personal motivations. 

 

In the context of OHCs, community interest drives users to provide social support to others without 

explicit rewards. This can take the form of informational support, emotional support or companionship. 

By contrast, some “self-interest” users focus on meeting their own needs from the OHC. For example, 

seeking social support is one of the key motivations for users to start using OHCs (Kim et al. 2012; 

Rodgers and Chen 2005). Driven as they are by different motivations, user contributions to OHCs can 

be divided into the categories of community-interest and self- interest posts. 

 
2.3 Social Capital 

Social capital can serve as a measure of the quality of a group, and includes the rule of law, social 

integration and trust (Borgatti et al. 1998). In the context of OHCs, social capital is considered to be the 

value of an individual’s relationship (connecting with more people can help the individual to access 

needed resources). With social support being exchanged through the network, individuals may gain social 

capital. Several definitions of social capital have been provided in the past, whether based on the social 

structure perspective or from the point of view of social capital’s function. Although definitions of social 

capital vary, all definitions agree that the more social capital and relationships one has, the more 

knowledge can be created or shared within one’s social network. 

 

From a social structure perspective, social capital can be divided into three categories: structural social 

capital, relational social capital and cognitive social capital. Structural social capital refers to the 

connections among individuals in social interactions, specifically, who can be connected and how. By 

contrast, relational social capital examines the assets created by historical relationships, such as respect, 

trust and friendship. Cognitive social capital describes shared visions, norms, values, attitudes, and beliefs. 

Earlier studies have examined correlations between these three types of social capital and knowledge 

contribution in various online communities and produced interesting findings. For example, Wasko and 

Faraj (2005) concluded that structural and cognitive social capital play vital roles in knowledge 

contribution, while relational social capital holds relatively weak predictive power. 

 

By contrast, from the network perspective, social capital can be divided into two major categories: 

bridging social capital and bonding social capital. Bridging social capital is related to recourse within 

the network for accessing novel information. The network members who can help information spread 

more quickly and more efficiently are the most important ones in terms of bridging social capital. These 

members span multiple clusters and close “structural holes” between unconnected groups. By contrast, 

bonding social capital is derived from close friends or family members, or an individual’s inner cluster 

of connections. Earlier studies have pointed out that strong and weak ties in online social networks are 

associated with positive levels of bonding and bridging social capital, respectively (Ellison et al. 2011). 

 

2.4 Theoretical Framework 

Social capital has been used to explain knowledge sharing in online communities. Some empirical studies 

show that the benefits of social capital are positively correlated to users’ knowledge sharing activities in 

online communities, while the risks of social capital have a negative impact (Chiu- Ping Hsu 2015; Sheng 

and Hartono 2015). It is unclear however, whether this will apply to OHCs, because as non-monetary 

online communities, OHCs are used to share community-interest posts and self-interest posts at the same 
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time. Since social capital is related to users’ knowledge contribution and different social support 

categories, it would be an interesting question whether users’ social capital influences community/self-

interest contributions in OHCs. The framework of our study in shown in Figure 1. 

 
Figure 1 Framework of the study 

 

3. The Dataset 
In this study, we used data from a very popular peer-to-peer OHC for breast cancer survivors. We 

designed a web crawler to collect data from the site’s online forum. Our dataset consists of all the public 

posts from October 2002 to August 2013. There were more than 2.8 million posts contributed by nearly 

50,000 users (including 107,549 threads) during the research period. 

 

Empirical studies suggest that informational support, emotional support, and companionship are very 

common in most OHCs. However, instrumental support can be rare in large OHCs, because it is limited 

by geographical proximity. To simplify our automated classification of social support activities, we did 

not consider instrumental support for the purposes of this study. In general, we needed to determine 

whether posters were seeking informational support (SIS), providing informational support (PIS), 

seeking emotional support (SES), providing emotional support (PES), or simply about companionship 

(COM). SIS and SES posts were classified as self-interest posts, while PIS, PES and COM posts were 

classified as community-interest posts. We built classifiers to automatically recognize the social support 

embedded within each post (Wang et al. 2014). According to our classifiers, intuitively, there exists more 

posts to provide support than to seek support. This is what one would expect from a popular OHC with 

a large and active user base. Companionship posts constitute the second largest group, which suggests 

that members of the OHC did develop a strong sense of community and discussed many issues apart 

from cancer. 

 
4. Explanatory Model 
4.1 Variables 

For each user, at a particular month 𝑡 , the dependent variables 𝐶𝑜𝑚𝑚𝑃𝑜𝑠𝑡𝑠i,t+1  and 𝑆𝑒𝑙𝑓𝑃𝑜𝑠𝑡𝑠i,t+1 

are  two  numerical  variables  indicating  the  number  of  the  user 𝑖’s  community- interest posts and 

self-interest posts at time 𝑡. The independent variables Socialcapitali,t capture the user 𝑖’s social capital in 

the three categories of structural, relational and cognitive capital. Specifically, we included both 

betweenness and closeness to measure the user’s structural social capital. We selected mutual responses 
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and shared visions to represent  relational  and  cognitive social capital, based on the definitions of those 

terms. Mutual response measures instances where A replies to B’s thread and B also replies to A’s thread. 

Shared vision counts similar opinions held by two users in one thread. For example, where A provided an 

informational support reply to B’s thread, and C also posted informational support  to  validate  A’s  

opinion,  then  A  and  C  were classified as users who share a similar vision. Meanwhile, rather than 

simply counting the number of mutual-response or vision-shared interactions a user has, we captured 

different dimensions of the variable. We implemented RFM model (Fader et al. 2005) on relational and 

cognitive social capital to   include the time of the most recent interaction, frequency of interactions, and 

number of unique users involved in the interactions. 

 

In terms  of  control  variables,  we  controlled  a  user’s  contributions  at  month  𝑡  
(including both community-interest posts and self-interest posts), and their active months until month 

𝑡. The active months captures the actual active behavior of a user. For example,  if  A  was involved 

in the community from January to May, but only contributed some social support in February and 

March, then the active months of A as at May would be 2. The variables are shown in Error! 

Reference source not found.. 

 
 

Table 1 Variables of the explanatory model 

 

4.2 Model 

The equation below shows the model used for this study. Coefficient γ estimates the relationship 

between users’ current and future contributions; and β estimates the influence of a user’s social capital 

on her future contributions. Fixed effects of individual users’ time-invariant attributes, e.g. gender, 

education level and personality, are controlled by 𝛼' for user 𝑖. 

 
 

4.3 Results 

We adopted linear models for the panel data, and the outcome of the model is shown in Table 2. In 

general, structural and cognitive social capital have a similar impact on a user’s future community-

interest and self-interest contributions. Relational social capital on the other hand, influenced the two 

categories in different ways. As for control variables, the number of current self-interest posts will result 

in fewer self-interest posts published the next month. 
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Dependent 

Independent + Controls 

Community-interest Posts @ 

t+1 

Self-interest Posts @  

t+1 

Community-interest Posts @ t 0.739*** 0.017*** 

Self-interest Posts @ t -0.165*** 0.444*** 

Active Months -0.143*** -0.033*** 

Betweenness 0.660*** 1.212*** 

Closeness -0.010*** -0.002*** 

Recency of Mutual Responses 0.170*** 0.016*** 

Frequency of Mutual Responses 0.047 -0.104*** 

Number of users having Mutual Responses -2.137*** 0.374*** 

Recency of Shared Visions 0.060*** 0.005*** 

Frequency of Shared Visions -0.532*** -0.084*** 

Number of users having Shared Visions 0.262*** 0.198*** 

Table 2 Regression results (***p<0.01) 

 

Based on the outcomes produced by the model, a user’s current interest in the community will extend 

over time and impact the user’s contributions the following month. If the user is driven more by 

community interest, the user will contribute more in both seeking and providing support. On the other 

hand, if the user focuses more on her own needs, i.e. seeks support only for herself, the community-

related posts of the user will decrease in the following month. 

 

In terms of the structural social capital of a user, a positive coefficient of betweenness indicates that the 

more resources a user can access, the more contributions the user will make in the following month, 

whether in terms of community-interest or self-interest posts. As for relational social capital, the 

frequency and number of interacting users of mutual responses produced different results for the two 

contribution categories. It seems that the number of mutual responses is not a positive indicator of a 

user’s self-interest contributions, whereas the pool of unique users is. In other words, communicating 

with larger number of users provides more valuable motivation for a user to seek additional support than 

if that user gets a bulk of information from just one person. 

 

By contrast, the larger the number of users with which one has mutual contact, the lower the probability 

of the user contributing to the community. However, if more users share a similar vision with the user, 

this triggers more community-interest posts (0.262). It is very unlikely that a set of occasional 

interactions between people will be the reason for a user contributing to the community. However, 

meeting users who share her vision will trigger her desire to support others. Therefore, the social capital 

of a user may impact the level of her future contributions in one or more ways. 

5. Conclusion 
 

This paper sets out only the preliminary results of our study. The next stage of our research will involve 

checking the robustness of the model and building a predictive model for forecasting users’ future 

contributions. Our aim is to produce outcomes that will enable website operators to design OHCs such 

that they operate at optimum levels of user engagement and participation. 

 

References 

 
1. Bambina, A. 2007. Online Social Support: The Interplay of Social Networks and Computer-Mediated 

Communication, Cambria Press. 

2. Borgatti, S. P., Jones, C., and Everett, M. G. 1998. “Network measures of social capital,” Connections, (21:2), pp. 27–

36. 

509



 

  

3. Burke, M., Marlow, C., and Lento, T. 2009. “Feed me: motivating newcomer contribution in social network sites,”  

in Proceedings of the SIGCHI Conference on Human Factors in Computing Systems, ACM, pp. 945– 954 

4. Chiu-Ping Hsu. 2015. “Effects of social capital on online knowledge sharing: positive and negative perspectives,” 

Online Information Review, (39:4), pp. 466–484 (doi: 10.1108/OIR-12-2014-0314). 

5. Ellison, N., Lampe, C., Steinfield, C., and Vitak, J. 2011. “With a little help from my friends: How social network 

sites affect social capital processes,” A networked self: Identity, community, and culture on social network sites, 

pp. 124–145. 

6. Fader, P. S., Hardie, B. G. S., and Lee, K. L. 2005. “RFM and CLV: Using Iso-Value Curves for Customer Base 

Analysis,” Journal of Marketing Research, (42:4), pp. 415–430 (doi: 10.1509/jmkr.2005.42.4.415). 

7. Fox, S. 2014. “The social life of health information,” Pew Research Center, January 15 

8. Keating, D. M. 2013. “Spirituality and support: a descriptive analysis of online social support for depression,” Journal 

of religion and health, (52:3), pp. 1014–1028 (doi: 10.1007/s10943-012-9577-x). 

9. Kim, E., Han, J. Y., Moon, T. J., Shaw, B., Shah, D. V., McTavish, F. M., and Gustafson, D. H. 2012. “The process 

and effect of supportive message expression and reception in online breast cancer support groups,” Psycho -

Oncology, (21:5), pp. 531–540 (doi: 10.1002/pon.1942). 

10. Rodgers, S., and Chen, Q. 2005. “Internet community group participation: Psychosocial benefits for women with 

breast cancer,” Journal of Computer-Mediated Communication, (10:4), pp. 0–0. 

11. Sheng, M., and Hartono, R. 2015. “An exploratory study of knowledge creation and sharing in on line community: 

a social capital perspective,” Total Quality Management & Business Excellence, (26:1–2), pp. 93–107 (doi: 

10.1080/14783363.2013.776769). 

12. Shumaker, S. A., and Brownell, A. 1984. “Toward a theory of social support: Closing conceptual gaps,” Journal of 

social issues, (40:4), pp. 11–36. 

13. Wang, X., Zhao, K., and Street, N. 2014. “Social Support and User Engagement in Online Health Communities,”  

in Smart Health, Lecture Notes in Computer Science, X. Zheng, D. Zeng, H. Chen, Y. Zhang, C. Xing, and D. B. 

Neill (eds.), Springer International Publishing, pp. 97–110. 

14. Wasko, M. M., and Faraj, S. 2005. “Why Should I Share? Examining Social Capital and Knowledge Contribution 

in Electronic Networks of Practice,” MIS Quarterly, (29:1), pp. 35–57. 

 

  

510



 

  

Performance Effects of Product Cues: Evidence from Peer-to-peer Room-sharing 

Economy  
Jiang Wu Minne Zeng Karen (Lijia) XIE 

Wuhan University Wuhan University University of Denevr 

jiangwu.john@qq.com lemonzeng0106@126.com Karen.Xie@du.edu 

Abstract 

 
Despite the prevalence of room-sharing economy, less research is done to understand such emerging 

phenomenon especially the sales performance of room-sharing products. This study focuses on the cues 

of a room-sharing product, which consists of the listing itself and its service provider (i.e., the host), 

and investigates the effects of these cues on its sales performance measured by revenue and occupancy 

rate. Using large-scale but granular online observational data from the leading room-sharing platform 

in China, XiaoZhu,com, we found that both listing and host cues have significant effects on the sales 

performance of room-sharing products. This study extends the cue utilization theory into the context of 

room-sharing economy and provides practical implication to practitioners in managing this emerging 

business. 

 

Keywords: Short-term rental, performance, occupancy rate, revenue, cues, sharing economy 

 
1. Introduction 

The widespread adoption of Internet technology has changed the way of trading. The decreasing 

transaction costs associating with trading and social connection lead to the development of as the so-

called “sharing economy” model (Botsman and Rogers 2010). Such model involves a shift from 

ownership to access in the way of using material goods and services (Botsman and Rogers 2010; Russell 

et al. 2010) .Through sharing or renting out their underutilized products in the peer-to-peer platforms, 

service providers can connect with other consumers while making some extra income (FleuraBardhi 

and Eckhardt 2012). Such sharing economy model has flourished in various industries including 

hospitality (e.g., Airbnb and XiaoZhu), transportation (e.g., Uber and DiDi), and retailing (e.g., Rent 

the runway). 

 
Despite growing researches on users’ intention to use the room-sharing economy products (e.g., 

Tussyadiah 2016), empirical investigation on the sales performance of room-sharing economy products 

still lags. Particularly, what product cues that drive consumer purchase of the room-sharing products 

remain unknown. Motivated to fill the research gap, we attempt to investigate the performance effects 

of the cues of a room-sharing product, which consists of the listing itself and its service provider (i.e. 

host). Rooted in the cue utilization theory, we hypothesize that listing and hosts cues affect the sales 

performance of room-sharing products. Using a unique dataset the leading room-sharing platform, 

XiaoZhu.com, in China, we find that two measures of sales performance, revenue and occupancy rate, 

are significantly affected by listing cues, including area, type, the number of comments, amenities and 

host cues, including the acceptance rate, confirmation time, the number of listings and orders. This paper 

makes both theoretical and practical contributions. First, this study extends the literature of the cue 
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utilization theory into the emerging context of room-sharing economy. Second, practitioners of room-

sharing business like entrepreneurs and hosts could use our findings to better promote effective products 

cues of room- sharing products to prospective consumers while retaining the loyalty among existing 

customers. 

 
2. Theory and Hypotheses Development 

2.1 Sharing economy and room-sharing service 

Sharing economy is the distribution and acquisition of resource integrated by people for the fee or 

compensation (Belk 2014). Many platforms show up with the rising of sharing economy. Especially in 

the hospitality industry, Airbnb and XiaoZhu are both very representative in the transaction-based 

online market. Local people share their idle rooms with other strangers to live temporarily for some fees 

or compensations. Because of the intangible nature of an experience product, the quality of room-

sharing depends on the quality of both product (i.e., listing) and its service provider (i.e., host). Thus, 

the attributes of listing and host are both important for potential renters (Huang et al. 2013). 

 
Researches about room-sharing services are mainly only related to renters or hosts. However, there lack 

comprehensive studies on performance in about room-sharing service. Performance in hospitality 

research includes financial performance and profitability (Jeffrey and Barden 2001). 

 
2.2 Cue utilization theory 

It is difficult for consumers to assess quality objectively because of information asymmetry (Akerlof 

1970). In order to make consumption decision, they are willing to try their best to search more specific 

information provided by commercial platforms as well as sellers. Promoted originally by Cox and 

developed by Olson and Jacoby, cue utilization theory is widely applied for analysis of determinants of 

consumers’ decision in the commercial process (Richardson and Jain 1994). 

 
The evaluation of quality is based on extrinsic cues relating with focal objects and intrinsic cues 

regarding essence or nature (Szybillo and Jacoby 1974). The essence of an experience product consists 

of product and service (Huang et al. 2013). Therefore, both extrinsic and intrinsic cues are contained in 

physical room and experienced service. In the online environment, consumers depend more on cues to 

decrease uncertain risks caused by information asymmetry. Quality uncertainty from consumers may 

hinder commercial activities from operating successfully. Therefore, with more cues about product and 

service characteristics, the possibility that consumers pay for it increases (Dellarocas et al. 2007). Sellers 

and platforms are willing to decrease potential buyers’ uncertainty by giving more introduction and 

description (Liu 2006). 

 
2.3 Hypotheses development 

In C2C e-commerce market, consumers prefer to obtain more information about the product and the 

seller to decrease the information asymmetry (Kwahk et al. 2012). The listing is the product and host is 
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the seller for consumers in room-sharing service. Zhang et.al proposed that in tourism website, online 

cues consist of hotel characteristic, consumer review, and recommendation information (Zhang et al. 

2011). There are numbers of information displayed in room-sharing platforms. Specifically, host cues 

are attributes of a host, such as the acceptance rate and confirmation time for the orders, the number of 

listings and orders; listing cues are description of a room, including area, listing type, the number of 

reviews and amenities for a room. 

 
Information about product (e.g., type, color) is closely related to the expected quality (Acebrón and 

Dopico 2000). In hospitality research, the information of hotel, such as size and average room rate 

influence consumers’ booking behaviors and sales (Liu 2006) . Therefore, hotel characteristics and 

information are positively affected financial performance in hospitality market (Liu 2006). Similarly, 

we also hypothesize that performance in room-sharing service are related to information (i.e., cues) 

displayed in online platforms, including area, listing type, the number of reviews and amenities. 

Therefore, the hypotheses are proposed, 

H1 Listing cues (e.g., area, type, the number of reviews and amenities) influence sales performance of 

room-sharing products. 

 
Researches about online information indicate that consumers’ decisions are significantly influenced by 

review information about sellers (Zhang et al. 2011). Consumers’ purchasing intention are closely 

related to service providers’ information especially in room-sharing service. Renters make decision 

depends on host attributes (e.g., photos) (Ert et al. 2016). Hence, sales performance may be affected by 

host cues (e.g., acceptance rate, confirmation time, the number of listings and orders). Therefore, we 

hypothesize that, 

H2 Host cues (e.g., acceptance rate, confirmation time, the number of listings and orders) influence 

sales performance of room-sharing products. 

 
3. Data and Methods 

To test the hypotheses, listings in the area of Beijing and their host pages were crawled in XiaoZhu.com, 

ranging from May 1, 2016 to October 1, 2016. In order to capture at least one month of complete data for 

analysis, five-month period data was collected by the crawler in October, 2016 and November, 2016 

respectively. Many reports that occupancy rate and revenue are ideal measures of hotel performance 

and they can also be applied in room-sharing service. Occupancy rate demonstrates availability while 

revenue indicates the profitability (Dellarocas et al. 2007). Occupancy rate is the number of days 

occupied divided by the total number of available days monthly for the listing (Jeffrey and Hubbard 

1994) . Therefore, occupancy rate is calculated as 

OccupancyRate = NumDaysOcuppied / NumDaysAvailable (1)  

NumDaysOcuppied is the number of days occupied for a listing. NumDaysAvailable is the number of 

days offered for a listing during a period, which is calculated by days of a month in our study. Revenue 

is defined as the income of a listing and is tested as 
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Revenue = NumDaysOcuppied * Price (2) 

Revenue is the revenue for a listing during a month, which is calculated by multiplying 

NumDaysOcuppied and Price. 

 

The sample consists of 852 different listings from 287 unique hosts in Beijing. Since there are very 

few sofas and beds in XiaoZhu, we mainly focus on two listing types (i.e., whole apartment and 

single room) in our analysis. The description and summary statistics of all variables are explained in 

Table 1. 

Table 1. Variable Description and Summary Statistics 

Dimensions Variable Definition Mean SD Min Max 

 
Dependent 

variable 

Occupancy 
Rate 

Number of days occupied 
divided by number of days 

offered in one month 
0.48 0.57 0 1 

Revenue 
Total income from renting a 

listing in one month 
5741.49 5850.79 0 77500 

 

 
Independent 

Variable 
(Cues of 
listing ) 

Area 
Area of a listing in square 

meters 
49.19 53.55 4 800 

ListingType 
whole apartment = 1, single 

room = 0 
0.52 0.50 0 1 

CommentNu 
mber 

Number of comments for a 
listing 

3.83 1.54 0 15 

Amenities 
Total numbers of bedroom, 

living room, bathroom, 
kitchen, balcony 

6.56 2.34 2 21 

 

 

 
Independent 

Variable 
(Cues of 

host) 

 
AcceptRate 

Number of reservation 
requests received versus 
number of acceptance to 

these requests given by a host 

 
0.85 

 
0.14 

 
0 

 
1 

ConfirmTim 
e 

Number of minutes that a 
host confirms the reservation 

request of the renter 
5.27 4.24 0 71 

ListingNum 
ber 

The number of listings owned 
by a host 

9.37 9.30 1 39 

OrderTotal 
Total numbers of orders 

owned by a host 
349.13 430.84 0 2002 

 

3.2 Regression model 

The estimation is to investigate how performance is influenced by listing and host cues in 

room- sharing. Two groups of OLS regression models were taken to analyze the effect 

among them. 

OccupancyRate = α0 + α1Area + α2ListingType + α3CommentNumber + α4Amenities + 

α5AcceptRate + α6ConfirmTime + α7ListingNumber + α8OrderTotal +ε                                             
（3） 

Log (Revenue) = β0 + β1Area + β2ListingType + β3CommentNumber + β4Amenities + 

β5AcceptRate + β6ConfirmTime + β7ListingNumber + β8OrderTotal +ε  

（4） 
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Revenue (skewness = 6.38) with skewed normal distribution is taken log transformation. 

Cues of listing include area, listing type, the number of comments and amenities. Cues of 

host consists of accept rate, confirm time, the number of listings and orders for the host. 

4. Results 

Multicollinearity was checked among all variables in the model by computing values of variance 

inflation factors (VIFs). The results of VIFs were between 1.528 and 2.590, which were smaller than 

threshold score of 10. It suggests that multicollinearity is not a problem in our study. Results of Table 

2 indicate that H1and H2 are supported. Furthermore, we also take price of the listing as the dependent 

variable to check the model’s robustness. Results are similar to the estimation results as shown in Table 

2, supporting the consistency of the estimated model. 

 
Table 2. Estimation Result of Cues Occupancy Rate and Revenue 

DV OccupancyRate Log (Revenue) 

 Coefficient Standard Error Coefficient Standard Error 

Area -0.001 0.001 -0.001 0.001 

ListingType 0.016 0.076 0.258*** 0.058 

CommentNumber 0.071*** 0.016 0.072*** 0.017 

Amenities 0.033** 0.013 0.026* 0.010 

AcceptRate 0.517*** 0.142 0.058** 0.050 

ConfirmTime -0.037* 0.016 -0.001 0.004 

ListingNumber 0.022* 0.003 0.113*** 0.025 

OrderTotal 0.093*** 0.002 0.034** 0.013 

(Constant) 0.451*** 0.227 2.791*** 0.162 

Observations 852 852 

R2 0.525 0.505 

Adjusted R2 0.513 0.502 

Note: *** p<0.001, ** p<0.01, * p<0.05 

 
5. Conclusions 

Based on cue utilization theory, this study proposed, surveyed and tested models about influential factors 

to performance of a listing. The findings indicate that performance is influenced by both listing cues 

and host cues. In theoretical perspective, this study is the first attempt to explore occupancy and financial 

performance in room-sharing service. The findings also reveal managerial implications especially for 

hosts who are eager to attract more consumers and increase their performance. However, the study focus 

on a region market, more cities and their difference need to be analyzed in the future. Because of data 

unavailability, the existing cues of host and listing are incomplete. More information of them should be 

analyzed in the future. 
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Abstract  

  

Social media have become an indispensable part in employees’ daily life. The strengths of information 

exchange and relationship development make social media a good way to foster creativity. Organizations 

are increasingly incorporating social media in business and seeking to enhance employees’ performance. 

However, theory relating social media to creativity has not been well built in the field of Information 

Systems. To fill this research gap, this study builds on technology affordance theory to identify three 

affordances of social media, namely information representation, information solicitation, and association. 

Basing on creativity theories, this study further proposes that different social media affordances should 

be appropriated in different creative processes (a divergent process or a convergent process) if employees 

want to achieve optimal creative performance. Theoretically, this study adds knowledge to social media 

and creativity literature. Practically, this study provides guidelines to use social media to enhance 

creativity in organizations.   

  

Keywords: Social media, Affordance, Creativity, Creative process  

  

1. Introduction  

Social media have penetrated employees’ daily lives, and employees spend a lot of time on them every 

day (Lin et al. 2014). Organizations are increasingly incorporating social media in business, and 

employees begin to use social media for work purpose (Ali-Hassan et al. 2015; Cao et al. 2016). Social 

media usage in the workplace has attracted much attention from researchers. Scholars tend to regard 

social media usage as an integrated concept and examine its effects on work performance (Ali-Hassan et 

al. 2015; Cao et al. 2016). Another effective perspective to understand the effects of social media lies in 

clarifying the technology affordances of social media (Mao 2014; Treem and Leonardi 2013), which 

directs scholars’ attention from the features of social media to activities that are not previously possible 

without the usage of social media (Leonardi 2011). This study takes the affordance perspective of social 

media because it can uncover the black box of social media. In the face of fierce global competition and 

rapid emergence of new products and designs, employees’ creativity in the workplace has become an 

important determinant of organizational success and longer-term survival (Anderson et al. 2014). Despite 

the practical pertinence of investigating the effects of social media on creativity, this issue has not 

received sufficient attention in Information Systems (IS) research, and theory-driven investigation into 

this issue is still relatively scarce.   

  

Following technology affordance theory (TAT), social media as an exogenous variable is captured best 

by their technology affordances (Chatterjee et al. 2015). Investigating affordances can strengthen 

understanding of the effects of social media in specific contexts for particular purposes. However, 

research has rarely investigated how social media affordances (SMA) can help enhance creativity in 
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organizations. The main research question to be explored in this study is how social media affordances 

in organizational context facilitate the development of creativity? To answer this research question, this 

study employs TAT and creativity theories as the theoretical basis, and empirically examines the 

relationships. We plan to conduct a laboratory experiment to collect the data. This study has theoretical 

as well as practical implications. In theoretical terms, this study advances theories on understanding of 

how SMA enhance the development of creativity. In practical terms, this study may shed light on how 

organizations could take advantage of social media in stimulating employees’ creativity.  

  

2. Theoretical Background  

2.1 Technology Affordance Theory  

The term of affordance was first coined by Gibson (1979, who defines the concept as “what a tool offers, 

what it provides or furnishes, either for good or ill”. The affordance perspective posits that it is the 

capabilities of the technology as well as the goal of the people who use it that determines the effects of 

the technology (Leonardi 2013). In the context of creativity development in organizations, this study 

identifies three affordances of social media: information representation, information solicitation, and 

association. The primary technology affordance of social media lies in its information representation. 

Information representation not only enables employees to use social media to present information 

relevant to the creative process (Serrano and Karahanna 2016),but also enables them to gain information 

relevant to creative process from others’ representation. Employees may encounter difficulties in 

pursuing creativity, which they need to actively solicit information to overcome. This study identifies the 

second technology affordance of social media as information solicitation, which describes that employees 

can use social media to solicit information to support creativity development. The third technology 

affordance of social media identified in this study is association. Association refers to established 

connections between employees, and between employees and content (Treem and Leonardi 2013). 

Association fosters social capital by enabling employees to create new relationships and supplement 

existing relationships among employees. Empirical studies have validated the importance of social capital 

in creativity development.  

  

2.2 Creative Process  

Creativity is commonly defined as the development of ideas and products that are both novel and useful 

(Perry-Smith and Shalley 2003). Although much empirical research defines and operates creativity as an 

outcome (Hildebrand et al. 2013), regarding creativity as an outcome cannot explain the drivers behind 

creativity (Unsworth 2001). Researchers have indicated that understanding the way creativity is 

developed is of great value (Lovelace and Hunter 2013) and clarifying the process which leads people to 

creative outcomes can give extra credits in understanding creativity (Wong and Siu 2012). In terms of 

creativity research, IS literature put much attention on the task of idea generation (Garfield et al. 2001; 

Hildebrand et al. 2013). Nevertheless, people not only generate ideas (a divergent process dominates), 

but also evaluate and choose ideas (a convergent process dominates). Hence, creativity is enhanced 

through both convergent processes and divergent processes (Thatcher and Brown 2010). Divergent 

processes involve the generation of a large amount of ideas, which may be original, unexpected or 

unusual, while convergent processes deal with finding one or several best ideas in order to solve one 

well-defined problem (Kerr and Murthy 2004). For reason of parsimony and rigor, this study 

distinguishes creative activities into convergent processes and divergent processes. The use of social 

media affords employees diverse information to undergo divergent processes, and the information 

obtained and relationship built in social media enables employees to foster analytic ability to finish 

convergent processes.   
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3. Hypotheses Development  

This study aims at examining the relationship between SMA and creative performance in a convergent 

process and a divergent process. The research model is depicted in Figure 1.  

 
Figure 1. Research model  

In a divergent process, employees concentrate on the generation of multiple solutions to a given problem 

(Müller-Wienbergen et al. 2011). First, employees need to gather various information and find out new 

ideas to solve the problem (Reiter-Palmon and Illies 2004). Information representation enables them to 

access to non-redundant and heterogeneous information, which lays the foundation for divergent thinking. 

Second, the problem to be solved is often poorly defined in a divergent process. A divergent process 

require imagination, unstructured syntheses, serendipitous discovery, and answers that break with 

conformity (Müller-Wienbergen et al. 2011). Hence, the uncertainty involved in the process requires 

employees to actively seek relevant information. Information solicitation enables employees to obtain 

information when it is needed. Third, employees’ right brain is active in a divergent process, and they 

experience more intuitive and irrational thinking. Moreover, employees who experience positive 

emotions are more active in divergent thinking, e.g., finding association between different stimuli, 

integrating various information, and producing more creative ideas (Shalley et al. 2004). Association 

enables employees to gain positive emotional arousal from building favorable interpersonal relationship, 

which is conducive to divergent thinking. Fourth, since a divergent process mainly deals with the 

generation of a large amount of novel ideas, reaching diverse information serves as the most effective 

way to complete this process. Considering the features of SMA and the creative process, this study 

proposes that information representation plays a more effective role in a divergent process than 

information solicitation and association.   

  

H1a: Information representation is positively related to the performance in a divergent process.  

H1b: Information solicitation is positively related to the performance in a divergent process.  

H1c: Association is positively related to the performance in a divergent process.  

H1d: Information representation is more effective in enhancing creative performance in a divergent 

process than information solicitation and association.  

  

In a convergent process, employees narrow down the available ideas and choosing the one according to 

the criteria of novelty and appropriateness (Müller-Wienbergen et al. 2011). First, employees’ personal 

information processing as well as their information exchange with peers dominate in a convergent process 

(Binnewies et al. 2007). Information representation provides employees a way to know others’ opinions, 

based on which they can choose more recognized ideas and perform better on the convergent process 

(Perry-Smith and Shalley 2003). Second, a critical aspect of a convergent process is that it leads to a 
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single best answer, leaving no room for ambiguity. Thus, employees need to go through elaborative 

information processing to complete this process (Kerr and Murthy 2004). In order to gain effective 

information, employees need to engage in information processing before their solicitation can be 

articulated (Binnewies et al. 2007). As such, information solicitation entails enough information 

processing. Therefore, information solicitation is expected to exert a positive effect on a convergent 

process. Third, a  

convergent process concerns with reducing the idea set. On one hand, it may cause anxiety and depression 

for criticizing and rejecting others’ ideas (Harvey and Kou 2013). On the other hand, it may cause 

frustration since the analytic mind might reach its limit on coping with too much information relevant to 

the problem (Lubart 2001). By connecting with others via social media, employees can gain 

encouragement and emotional support (Lubart 2001), which can help them overcome negative emotions. 

Association also facilitates the formation of shared understanding, which improves the efficiency of a 

convergent process. Fourth, as analytic and rational thinking is requisite, employees need to be more 

focused in a convergent than a divergent process (Cropley 2006). The information solicitation of social 

media enables employees to seek information actively, which avoid them to be distracted by irrelevant 

information. However, the information representation presents too much information, which may distract 

employees’ attention and affect their analytic thinking. Hence, information solicitation is more effective 

for the convergent process than information representation.   

  

H2a: Information representation is positively related to the performance in a convergent process.  

H2b: Information solicitation is positively related to the performance in a convergent process.  

H2c: Association is positively related to the performance in a convergent process.  

H2d: Information solicitation is more effective in enhancing creative performance in a convergent 

process than information representation.  

  

4. Research Method  

The proposed research model will be tested via an experiment in a computer laboratory with a 3 (SMAs: 

information representation, information solicitation, association) × 2 (creative process: a  

divergent process, a convergent process) between-subjects treatments. MBA students or postgraduate 

students who have working experience will be recruited as subjects. Subjects will be asked to engage in 

two main tasks. Each task will be specifically designed to represent activity that occurs in one of the two 

stages of the creative process. Each task will be independent from the other one to enable task order to 

be randomized. Creative performance will be measured by the consensual assessment technique 

developed by Amabile (1983. We will design questionnaire to collect data on subjects’ demographic 

information and the control variables, i.e. age, gender, GPA, and personality.    

  

5. Discussion and Conclusion  

This study has theoretical implications. First, existing IS research on social media tends to focus on social 

ties and social relationships, with less attention being paid to affordances. This study complements the 

existing literature by investigating SMA in relation to creativity. Second, this study applies TAT to 

creativity research, and extends this theory by proposing that different SMA may engender different 

levels of creative performance on the two stages of creative process. Third, although prior studies have 

posited that social media affect creativity, they fail to explain why and how social media would facilitate 

different processes of creativity. This study offers a perspective to explore and clarify the underlying 

mechanism. This study also has practical implications. First, many organizations are now using social 

media to enhance employees’ communication and improve their performance. However, the functions of 
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social media are not well utilized in organizations. This study informs how to take advantage of different 

affordances of social media in organizations. Second, creativity is crucial to an organization’s success. 

For creativity to emerge, employees should perform well at each creative process. This study implies that 

employees in different stages of creative process should use social media appropriately in order to achieve 

desired creative performance.   
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Cooperation in Product Innovation under Gaussian Random Demand 

 

 
 

 

 

 

 

 

Abstract 
 

Product innovation often faces uncertain demand. More and more competitive enterprises are adopting 

cooperative strategies to avoid innovation risk arising from the uncertain demand, especially in the 

innovation of information products, for which fixed costs of development far outweigh unit-variable costs. 

This paper aims to address the effect of risk aversion of competitive enterprises on their cooperative 

behavior in product innovation under Gaussian Random demand. A two-stage game model is constructed. 

In the first “product innovation” stage, enterprises decide the cooperation level by choosing a technology 

sharing level (together) for product development, and qualities of products are also determined by 

enterprises, respectively. In the second “product competition” stage, enterprises compete in a Bertrand 

mode. Equilibrium analysis shows that risk aversion can enhance cooperation between enterprises.  

 

Keywords: Gaussian Random Demand, Risk Aversion, Product Innovation, Cooperation 

 

 

1. Introduction 
Product innovation is an important means for enterprises to expand their market share and to maintain 

sustainable competitive advantage. However, differentiated consumer preferences of products makes 

innovation face demand uncertainty (Begen et al., 2016). With development of new technology, 

consumers’ expectations for product performances are getting increasingly unpredictable, which further 

increases the uncertainty.   

 

Uncertain demand brings risk in product innovation, especially for development-intensive products, such 

as information goods. In this case, enterprises often need to invest a lot of money or technology effort in 

the product innovation process. Insufficient demand would make enterprises face loss in revenue due to 

product stock accumulation and insufficient sales. Driven by aversion of risk arising from the uncertainty 

of demand, more and more enterprises are adopting cooperative strategy in innovation, who cooperate 

with competitive peers for technology sharing (Pun and Ghamat, 2016). The main reason is that 

competitive enterprises usually require similar technology or knowledge for product innovation, and thus 

cooperation can enhance innovation activities (Kim and Vonortas, 2014). 

 

For example, BlackBerry and Samsung are direct competitors in the mobile phone and tablet market, but 

they jointly develop security technology for mobile phone and tablet computer systems, so as to provide 

their customers with higher-security-performance products. Panasonic and Olympus developed M4/3 

systems together, which is applied for Panasonic Lumix and Olympus PEN camera series. To enhance 

R&D of new-energy vehicles, GM and Honda share patent knowledge in developing fuel cell technology 

for their vehicle products. 
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In this paper, we construct a two-stage game, with Product Innovation plus Product Competition stages, 

to analyze the effect of risk aversion of competitive enterprises on their cooperative behavior in product 

innovation. In particular, in the product innovation stage, enterprises determine the level of technology 

sharing, together, and subsequently, decide the qualities of their products, respectively. In the product 

competition stage, enterprises compete in product prices. Based on the equilibrium outcome, we will show 

that risk aversion of competitive enterprises enhances their cooperation, i.e., increases their technology 

sharing level in product innovation under uncertain demand. 

 

The rest of the paper is organized as follows. Section 2 presents the two-stage game model. Section 3 

presents the equilibrium outcomes with analytical and numerical analysis. Section 4 concludes with 

remark on future work. 

 

2. Modeling 
Consider two competitive risk-averse enterprises (Enterprise 1 and Enterprise 2). They both invest into 

product innovation in the same market. The enterprises need to decide how much research efforts should 

be invested into improving qualities of the products, which are denoted as 1q  and 2q , respectively. If 

the two enterprises share their technology and knowledge at a level of   0 1   , then their innovation 

costs are: 

 

 

2
1 1

2
2 2

x F q

x F q

 

 

  

  

                              (1) 

where 𝛾 reflects the innovation capability of the enterprises. The smaller 𝛾 is, the higher the innovation 

capability of the enterprises.  ( ) 0 ( ) 1F F    reflects the effect of technology sharing on innovation 

cost, which decreases with  . As a result, both 1x  and 2x  will decrease with  , indicating that the 

more knowledge sharing between the enterprises, the lower the innovation costs will be. On the other hand, 

technology sharing will increase similarity of the products, which will lower the innovation effect and 

strengthen the competition between the two enterprises in the market. Denote  ( ) 0 ( ) 1D D    as 

the innovation effect of the enterprises, which reflects the level of expansion of a new market, and 

decreases with  . Then, under the deterministic environment with the assumption of linear inverse 

demand function (Marsh, 1991), we can get: 

1 1 1 2 1

2 2 2 1 2

p a v dv Dq

p a v dv Dq

   

   
                           (2) 

where 1a  and 2a  are the price caps (i.e., price intercepts), 1v  and 2v  are the product quantities of 

the two enterprises, and 1p  and 2p  the prices. Assume symmetry of the markets and let 1 2a a a  . 

We can have 
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And the profits for the enterprises can be calculated as follows: 

2
1 1 1 1

2
2 2 2 2

p v F q

p v F q

 

 

   

   
                              (4) 

Since the market environment of innovative products is usually uncertain, and market demand presents 

randomness, following Xiao and Xu (2014), we assume that the random demand for the two products are 

1 1

2 2

v v

v v





 

 
                                   (5) 

respectively, where 휀 follows a Gaussian Random Distribution (0, )G   with an variance of  . For 

simplicity, we further assume that 1v  and 2v  are independently distributed. In addition, To assure that 

the demand scale is positive, 1 2,v v .  

 

Under the uncertain market environment, the risk-averse enterprises evaluate the random profits based on 

the mean-variance function. They determine product qualities and prices to maximize their own utilities: 

1 1 1

2 2 2

2

2

u R

u R







 

 

                                 (6) 

where  ( 0)    represents the degree of risk aversions of the enterprises, and 
2 2

1 1R p   and 

2 2
2 2R p   represent risks arising from the random demands, respectively. 

 

Based on the above formulation, a two-stage game is constructed between the two enterprises with 

sequences as follows: 

① First stage (Production Innovation): enterprises make the decision of technology sharing 

with level of  , together. Afterwards, they choose the quality performances of their products, 

i.e., 1q  and 2q , respectively. 

② Second stage (Production Competition): enterprises compete in product prices in the market. 

They choose the optimal prices, i.e., 1p  and 2p , respectively, to maximize their utilities. 

We use backward induction to solve the game equilibrium. 

 

3. Equilibrium Analysis 
 

3.1 Analytical Analysis 

Based on Equation (6), let 
1

1

0
u

p





and 

2
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18, we can have 

                                                 

18 The second order conditions 
2

1

2
1

0
u

p





 and 

2
2

2
2

0
u

p





 are satisfied spontaneously. 

525



 

  

         

 

         

 

2 2 2 2
1 2 1 1 2

*
1

2 2

2 2 2 2
2

2

1 2 2 1
*

2

2
2

22

2

2 2 1 1

1

2 2 1 1

1

2

2

d d a d q dq q D d d a D q dq
p

d

d d a d q dq q D d d a D q

d
p

d

dq

d

















            
 
  


            


 

  
 







 


  (7) 

And consequently, 
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Where  2 21 2b d   . Then,  
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To ensure a decreasing return to scale in innovation, we assume that ,0F D F D     and 

2 0DF FD   , Then it follows that : 
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According to the Implicit Function Differentiation Rule, we have 

*
2

2

=
G

G













                              (13) 

where 

               

       

2 2 2 2
2

2
2

2 2

2 22

1 2 1 2 2 3 1 2

2 1 0

3

2 2 2

G d D d b b d d bd b b b d F

G DD d b b b d d bd F

b d b d d d d d

b d b d d



  

 



               


 

 

      


. 

Lemma1: If 
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3.2 An Numerical Example 

 

From Lemma 1, we know that if the original market substitutability of the two enterprises d  is larger 

than 
1

2
, then the condition that 
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 will make the enterprises more cooperative in 

product innovation when they are more risk averse. For example, Suppose  

1 1 1
1,  

3 2 2
F D                                 (14) 

If 0.01  20, 0.6d  , 2  , to ensure that 
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, it requires that 0.4 0.86  . Fig. 

1 illustrates the equilibrium technology sharing level 
*  with respect to change of   from 0.4 to 0.8. 

It is seen that the technology sharing level is increasing with  . Thus, enterprises tend to share more 

technology when they are more risk-averse with uncertain demand, even when the cooperation may 

strengthen the future price competition in the market.  

                                                 
20 0.01   is selected to make sure that the optimal value of *  satisfies that *0 1  . 
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Fig. 1 Equilibrium technology sharing level between enterprises in the two-stage game. 

 

4. Conclusion 
This paper constructs a two-stage game model to address how risk aversion of competitive enterprises 

affect their technology sharing decision in the product innovation process. Results based on the analytical 

and numerical analysis of the game equilibrium reflects that the technology sharing level can be increased 

with risk aversion of the enterprises. In future work, we will extend our model to consider the cases in 

which enterprises have different risk aversion levels, and demands for products are dependently 

distributed. The aim is to help explain the cooperative behaviors of competitive enterprises in product 

innovation. 
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