What Are Social Incentives Worth?
A Randomized Field Experiment in User Content Generation
Introduction
The under-provision of user-generated content (UGC) has reportedly resulted in the demise of
many an online community. In recent years, a number of scholars have undertaken studies of
possible incentives to stimulate UGC production. The incentives that have been considered to
date can generally be classified into one of two groups: social and monetary. Chen et al. (2010)
provide an example of work exploring social incentives. Those authors found that supplying
users with information about the average number of movie reviews written by peers caused a
regression toward the average; treated users initially contributing below the median increased
their production sharply, while those initially contributing above the median reduced their
production. Wang et al. (2012) provide an example of work looking at monetary incentives.
Conducting a study at Amazon Mechnical Turk, they reported no significant differences in the
baseline quality of paid and unpaid reviews, but they did report that review quality could be
improved via quality-contingent bonuses.
Studies of the sort described above ultimately contribute to a much broader literature on the use
of social and monetary incentives to stimulate private contributions to public goods. A frequent
consideration in that broader literature has been the application of combinations of incentives. In
particular, scholars have discussed reasons why combining monetary and social incentives might
not result in the additive increases to private contributions that intuition would suggest. From a
psychological standpoint, it has been argued that this is because subjects tend to ignore social
benefits and focus almost exclusively on monetary rewards whenever they are offered (Gneezy
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and Rustichini 2000; Heyman and Ariely 2004), because the presence of any remuneration
causes individuals to operate in a market-based mindset. An economic rationale has also been
proposed for the same pattern of influence; it has been argued that monetary incentives undercut
social incentives because those individuals most inclined to respond to social benefits are those
most concerned about image perception. That is, these social minded individuals will be
concerned that others will think less of them, once they become aware that they have received
monetary compensation for their efforts (Benabou and Tirole 2006).
This work aims to make a number of contributions to the literature on stimulating UGC
production, as well as the literature on private contributions to public goods. We seek to evaluate
the relevance of the above logics from psychology and economics to the context of online UGC
production, and online reviews in particular. However, we do so in a relatively nuanced fashion,
exploring not only the degree to which social incentives and monetary compensation jointly and
independently influence the quantity of UGC, but also their parallel effects on the quality of
content.
We undertake a large-scale randomized field experiment with an online retailer, attempting to
motivate consumers to provide an online review following product purchase, an approach that
provides the combined benefit of realism and scale. Randomly assigning subjects to one of four
conditions (control, social, monetary, and social + monetary), we subsequently examine the rate
and quality of content production across groups. We find that monetary and social incentives
impact the rate of UGC production in a manner consistent with prior theory and evidence from
the literature in psychology and economics. That is, both types of incentives are effective in
stimulating higher volumes of UGC production, but they produce a negative interaction,
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consistent with the idea that social incentives lose their effectiveness in the presence of
remuneration.
Further, however, we find a quite different pattern when it comes to the quality of the UGC
produced. We find that UGC produced under pure monetary incentives is of relatively low
quality. In fact, paid content is, on average, of lower quality than organically produced content
(our control condition). However, in contrast, we find that socially incentivized content is of a
much higher quality than organically produced content. What is more, this remains true, even in
the presence of monetary incentives. In short, by offering social incentives in tandem with
monetary incentives, it appears that firms can stimulate a greater volume of UGC production,
and also greater quality. In particular, we find that the joint provision of social and monetary
incentives nearly triples the probability that a consumer will write a review, and results in
reviews that are approximately 50% longer.
The remainder of this paper is structured as follows. In the next section, we begin with a review
of the literature pertaining to private contributions to public goods, and we explore the
application of those notions to the context of online user-generated content (online reviews). We
then detail our research context and experimental design, report our empirical results, and offer
an interpretation and discussion. We then draw a series of managerial and theoretical
implications, and conclude by suggesting a number of avenues for future research in this area.

Literature Review
Numerous scholars have considered the incentives underlying private contributions to public
goods in recent decades (Andreoni and Bernheim 2009; Benabou and Tirole 2006; Daughety and
Reinganum 2010). A common element in much of that work has been an observation that
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individuals consider not only the direct returns to contribution, but also social factors. This is
true for at least two reasons. First, contributors may become concerned about their social image,
wishing to maintain a fair persona, one that adheres to social norms and acts in accordance with
the group (Becker 1974; Daughety and Reinganum 2010). Second, if the contributor’s audience
is also the potential market for their contributions, individuals may perceive that their
contributions have a greater potential to deliver reputational benefits (Zhang and Zhu 2011).
Moreover, contributors may experience a greater warm glow effect, anticipating that their
contributions will deliver a greater overall benefit for others (Andreoni 1990).
A number of studies in recent years have considered questions related to public good
contributions in contexts of interest to scholars in the information systems discipline. Examples
include studies of open-source software development (Lakhani and von Hippel 2003; Lerner and
Tirole 2002; Roberts et al. 2006), Wikipedia article writing (Ransbotham and Kane 2011; Zhang
and Zhu 2011), contributions to crowdfunding campaigns (Burtch et al. 2013), and the writing of
online product reviews (Chen et al. 2010; Wang 2010), to name a few.
Online reviews, in particular, have received a great deal of attention, because under-provision is
a known issue in that context. Avery et al. (1999) describe the issue at length and propose a
number of design mechanisms for overcoming the problem. More concretely, Jindal and Liu
(2008) report that of the more than 3 million product listings that they consider on Amazon.com,
approximately 50% have just one review, and just 19% have more than 5 reviews. Thus, the
findings of Chen et al. (2010), which indicate that social incentives (providing users with
information about their peers’ reviewing activity to establish a social norm) can be used to
overcome the problem of under-provision, are quite promising.
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A number of platforms have also considered more direct approaches to stimulating review
production, offering to compensate consumers directly for their efforts. Most famously, the
media reported that Amazon was enticing some consumers to author reviews by sending them
free merchandise. 1 Recent work has thus subsequently considered various implications of
paying consumers to author reviews. For example, Stephen et al. (2012) report that, when paid,
authors of reviews perceive no difference in the effort required to write a review, or the level of
difficulty in doing so. Wang et al. (2012) conduct an online experiment with subjects drawn from
Amazon Mechanical Turk, and find that paid and unpaid reviews are of roughly equivalent
quality. However, they go on to show that the quality of reviews can be increased by offering
performance contingent bonuses, and by informing an author that their compensation will be
made public.
Interestingly, no prior work has considered the joint introduction of social and monetary
incentives in the context of online reviews, as we aim to do here. Although a number of studies,
some noted above, suggest that social incentives may cease to operate in the presence of
monetary incentives, whether because a market-based mindset takes over (Gneezy and Rustichini
2000; Heyman and Ariely 2004), or because the presence of monetary incentives mitigates
reputational gains (Benabou and Tirole 2006), we consider a rather different form of social
incentive (social pressure from an established norm, as opposed to the non-monetary gifts that
Heyman and Ariely employ), and we explore a context in which public knowledge about
compensation is not guaranteed. As such, the relevance of prior findings is not a given.
Moreover, we separately consider the effects of each incentive type on i) the mere decision to
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contribute and ii) the effort invested conditional on contribution. As such, our work has the
potential to provide novel insights into the dynamics of contributor decision making, which may
have implications for the practical application of different incentive types.

Methods
Study Context
We partnered with a retailer located in China, a large online seller of children’s apparel that
offers its products for purchase via TMall. TMall is an online intermediary, similar to Taobao,
JD and Amazon, which hosts retailers online sales operations and also allows customers to write
and post online reviews about product purchases (see Figure 1). TMall is owned by Alibaba
(NYSE: BABA). Unlike Taobao, which is targeted toward small individual sellers, TMall
generally hosts larger businesses, which utilize its marketplace to advertise, promote and sell
their products. Businesses on TMall can engage with customers in many ways, offering product
promotions, discount coupons, and even issuing targeted SMS text messages. After a purchase
transaction, the buyer can optionally choose to submit a review for the product2. Although SMS
has traditionally been used by TMall’s online retailers to communicate product delivery notices,
buyers may also receive promotional SMSs from time to time as well.
-- INSERT FIGURE 1 HERE --
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Please note that in this context, the merchant and product review systems are owned and
maintained by TMall, not the retailers. Only aggregate ratings are displayed on the TMall
website and provided to the individual retailers - individual customer ratings are not available.
We therefore do not have measures of review valence (star ratings); we have only the text of
each review for use in our analysis.
6

Scholars have begun to leverage the SMS communication channel for the purposes of
randomized experimentation, to answer a variety of questions related to electronic commerce.
One recent example of this is the work of Andrews et al. (2015), who have delivered targeted
promotions to potential purchasers via SMS messaging, exploring the moderating impact of
physical context on the likelihood of subsequent purchase. Using SMS messaging to
communicate with customers has a number of advantages over email. First, only certain subsets
of the population regularly use email in China (youth, white collar workers); in contrast, much
larger segments of the population have a cellular phone and check that phone frequently. Second,
because cellular numbers are recorded as part of a buyer’s shipping address information (in
China it is common practice for the carrier to contact the buyer via phone call or SMS before
delivering an item), a business can maintain greater confidence that communications have indeed
been received by the customer. Third, and last, it has been reported that as much as 20% of all
promotional emails are flagged as spam by email service providers, and thus never delivered to
customers.3 This is an issue that does not arise with SMS messaging. For the various reasons
mentioned above, we chose to leverage the SMS messaging capability of our retail partner, to
apply our treatment conditions to a random set of consumers.
Experiment Design
Our subject pool is comprised of 2,000 customers of our retail partner. Subjects were identified
at random from the set of all customers who had completed an online product purchase within a
24-hour period prior to the time of our treatment. We randomly assigned each subject to one of
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five conditions (400 subjects per condition). We then used a “push” approach to deliver our
treatments to the subjects via SMS messaging. In our control condition, subjects were not
contacted at all. In our generic message condition, subjects received a standard SMS message,
asking that they complete an online review for their recent product purchase. In our money
condition, subjects were asked to write a review, and were also told that they would be paid ¥10
upon doing so (approximately $1.50 USD). In our social condition, subjects were asked to write
a review, and were told the volume of reviews recently authored by other customers of the
retailer within the prior month. Finally, in our interaction condition, subjects were asked to
author a review, were told that they would be compensated upon doing so, and were informed of
other recent customer reviewing volumes. Please note that we did not ask buyers to offer a good
or positive review; we simply asked that they provide feedback.
One week after the treatment time, the retailer supplied us with information about which
customers ultimately authored a review for their product purchase. Additionally, the retailer
supplied us with the textual content of each review. This latter aspect is important, because it
allows us to construct a measure of content quality. In this case, we operationalize quality based
on three factors: the character length of a review, and measures of helpfulness and diagnosticity,
based on the results of a manual coding effort (more details below). Thus, we consider four
outcome variables in our eventual analysis: the probability of authoring a review, and our three
measures of review quality, conditional on authorship. Our five treatment conditions are
summarized in Table 1. Figure 2 presents a mockup of the SMS message content that was issued
to subjects in our interaction condition. For reference, we also provide an English translation of
the SMS message (note: these translations were confirmed by three coders, fluent in both
languages).
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-- INSERT TABLE 1 HERE --- INSERT FIGURE 2 HERE --

Results
We observe several outcomes from the experiment. First, we look at a binary indicator of
whether a subject authored a review. Second, we look at the text of any authored review. We
operationalize quality in terms of review length, counting the number of characters used. Third,
we consider the helpfulness of a review. The helpfulness of each review was coded manually by
two research assistants. These helpfulness ratings were based on two questions, relating to
review diagnosticity and perceived helpfulness.
To ensure that the two coders employed a consistent approach, we conducted two instructional
sessions, using 35 reviews of products sold by the same merchant (note that these 35 reviews did
not come from our experimental sample). In the first instructional session, the concept of review
diagnosticity was explained to the coders. The coding assistants and one of the study authors
then proceeded to code 10 reviews together, to help the coders better understand the task. Based
on the literature, a review may be viewed as having high diagnosticity if it helps consumers to
identify product attributes, and to characterize those attributes as being either positive or negative
(Jiang and Benbasat 2004; Jiang and Benbasat 2007). In contrast, perceived helpfulness is a more
subjective measure, reflecting a buyer’s evaluation of how useful a particular review is in
coming to a purchasing decision.
In the second instructional session, the students were asked to code the remaining 25 reviews,
and to then reconvene, to compare and discuss any coding discrepancies. Following the two
instructional sessions, the coding assistants were asked to independently code all of the reviews
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generated in our experiment, in terms of review diagnosticity and perceived helpfulness. We
assessed measurement validity and consistency of the coding process via Cronbach’s Alpha and
Krippendorff’s Alpha.
Constructing our composite measure of perceived helpfulness from the results reported by our
two coders, we observe a Cronbach’s Alpha of 0.851 and a Krippendorff’s Alpha of 0.706. For
our composite measure of review diagnosticity, we observe a Cronbach’s Alpha of 0.884, and a
Krippendorff’s Alpha of 0.781. Each of these values is well in excess of standard cutoffs for
acceptable use in the literature (Kline 2000 pg. 13; Krippendorff 2004). Table 2 presents our
descriptive statistics for the variables that enter into our analysis.
-- INSERT TABLE 2 HERE -We evaluate a set of Linear Probability Models (Horrace and Oaxaca 2006) and ordinary least
squares (OLS) estimations. We first look at the relationship between our various treatment
conditions and the probability of a subject authoring an online review. We then proceed with our
second-stage estimation, relating the quality of a review (we have three measures of quality,
conditional on authorship: review length, diagnosticity and helpfulness) to a subject’s treatment
condition. Finally, we repeat our OLS estimations, substituting a value of 0 for our length
measure and 1’s for diagnosticity and helpfulness, in those cases where no review was authored
(minimum values for length, helpfulness and diagnosticity). This last estimation enables us to
understand the net effect of each treatment on content production in a holistic manner, jointly
considering binary authorship and continuous effort.
Looking first at column 1, we observe that all of our treatments have a significant, positive
impact on the probability that a customer authors an online review. However, the different
treatments vary quite a bit in their efficacy. Because we estimate our specification using a linear
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probability model, we can interpret the coefficients directly as marginal probabilistic effects.
Thus, we find weak support for the notion that a simple reminder can boost content generation
(the Generic condition), though the effect is relatively small compared to our treatments of
interest (a boost of ~3% over the baseline probability of 4%). Offering money has a much larger
impact, increasing the probability of authorship by more than 14%. In contrast, our social
condition, in which we attempt to establish a social norm by advising the customer about the rate
of review authorship amongst his or her peers, only increases the probability of authorship by
6%. Finally, the joint condition, in which we provide both money and information on peer
authorship, results in a boost to authorship rates that is comparable to that observed in our money
condition. Indeed, we are unable to reject the equivalence of the two coefficient estimates at
conventional levels (F = 0.08 (1, 1995), p = 0.782), which suggests that there is no incremental
impact to offering social incentives in the presence of monetary incentives.
Next, examining columns 2 through 4, we observe a negative, though insignificant relationship
between a generic reminder or offering a monetary incentive, and the quality of authored
reviews, for all three measures. This implies that while the average level of review quality is
lower in the generic and money groups, quality does not decline enough from the control
condition to result in statistical significance. Our social condition, however, results in reviews of
significantly greater quality, in terms of length, diagnosticity and helpfulness. Moreover,
introducing a monetary incentive does not have a significant impact on any of our quality
measures. For all three outcome variables, once again, we are unable to reject a hypothesis of
equivalence between the coefficient estimates for the Social and Money + Social conditions, at
conventional levels (Length: F = 0.01 (1, 222), p = 0.943; Diagnosticity: F = 0.09 (1, 222), p =
0.764; Helpfulness: F = 0.22 (1, 222), p = 0.638).
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To gain a clear understanding of the net effect, and to determine whether our intuition is correct,
we next repeated our quality estimations, this time in an unconditional manner (i.e., populating 0
values for length, and values of 1 for the composite scores of diagnosticity and helpfulness,
whenever a subject did not author a review). This approach enables us to understand the joint
impact of each treatment on both the probability of authorship and the quality of authored
content. The results of these estimations are presented in Table 4.
-- INSERT TABLE 4 HERE -Considering columns 1 to 3 in Table 4, we observe a pattern of estimates that is consistent with
our initial interpretation. We observe that money and social incentives have independently
similar net effects on the overall body of user-generated content. Money appears to operate
predominantly by stimulating a larger volume of online reviews, whereas social incentives
appear to operate predominantly by stimulating higher quality online reviews. Combining both
incentives together appears to provide the best of both worlds, across all three of our quality
measures. The coefficient estimates for the Monetary + Social condition are significantly larger
than the estimates obtained for Money or Social independently, across all three of our
estimations (all F statistics are significant at p < 0.05).
Finally, to help establish robustness of these results, we repeated our authorship estimations
using logistic regression, and repeating our quality estimations for diagnosticity and helpfulness
(measured on 1-7 Likert scales) using ordinal logistic regression (columns 2 and 3). In all three
cases, we obtained effectively identical results.
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Discussion
In mixed-markets, the moment participants become aware that money is a factor, patterns of
behavior immediately switch to a reflect a pure money-market. Heyman and Ariely (2004)
demonstrated this via a series of experiments, comparing and combining monetary compensation
and injunctive social norms (e.g., rewarding subjects with gifts for performing the ‘desired’
behavior). We have demonstrated here that similar patterns of behavior can emerge under a
combination of monetary incentives and descriptive social norms (i.e., indications of the
prevalence of a particular behavior in the population).
This finding is important from a practical standpoint, because it demonstrates that contributions
to the public good, and user-generated content in particular, can be motivated in a costless
manner (i.e., without tangible incentives). Based on a raw comparison of coefficient sizes
between the Social and Money conditions from our estimation of unconditional length (Table 4,
Column 1), the provision of social incentives in our experiment carried approximately 95% of
the effect of monetary incentives (or ¥9.50). Our results are thus suggestive of a possible
strategy that firms might look to employ to seed content and then transition to sustainable
ongoing contributions. By first offering customers money to author reviews, firms might then
eventually use the increased rate of reviewing to subsequently institute social mechanisms,
ultimately transitioning to higher quality contributions.

Conclusion
We have presented what is to our knowledge a first attempt to explore the independent and joint
effects of monetary and social incentives as drivers of user content generation, in the context of
online reviews. We have found that the influence of each incentive type varies, depending on
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whether one considers consumers’ decision to contribute or the effort consumers invest,
conditional on authorship. On the one hand, our results replicate the findings of past work, in the
sense that both money and social incentives stimulate increased volumes of UGC, yet when
combined, monetary incentives take over entirely. On the other hand, our results with respect to
effort (proxied by various measures of review quality) differ. Here, social incentives are a
primary driver of increased effort, whereas monetary incentives have little to no effect (in fact, if
an effect does exist, it appears likely to be negative). When social and monetary incentives are
combined, the social incentives maintain their efficacy.
This latter result seems to suggest that, at least in the context of online reviews, a consumer’s
authorship decision is distinct from their effort decision. This makes sense, given the finding of
Wang et al. (2012) that the quality of paid reviews grows in the presence of quality contingent
bonuses. Given the two-step nature of the review authorship process, our design implies a very
practical approach to seeding content in online settings: pay for reviews to establish a reviewing
norm, then introduce social incentives to improve quality.
This work presents only a first step toward improving our understanding of the efficacy of
different incentives in stimulating the production of high quality online reviews. We have
identified a number of potentially fruitful avenues for future work, considering alternative social
incentives, and alternative approaches to imposing those incentives. It is our hope that future
work can develop these ideas further, to provide practical recommendations on the
implementation of these recommendations, as well as theoretical insights about the psychological
and economic mechanisms underlying them.
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Tables
Table 1. Treatment Conditions
Condition

Description

Control

No SMS was issued.
A generic SMS was issued, asking the subject to write an
online review.

Generic SMS
Monetary SMS

An SMS was issued asking the subject to write an online
review, and promising to compensate him or her with ¥10
(~$1.50 USD).

Social SMS

An SMS was issued asking the subject to write an online
review, and informing him or her of the number of
reviews other customers had written within the prior
month.

Monetary + Social
SMS

An SMS was issued asking the subject to write an online
review, promising to compensate him or her with $1.50,
and informing him or her of the number of reviews
written by other customers within the prior month.

Table 2. Descriptive Statistics: Sample-Wide
Variable
Authorship

Mean
0.114

St. Dev.
0.317

Min
0.000

Max
1.000

N
2,000

Length

13.41

8.051

1.000

42.000

227x

Perceived Helpfulness

2.901

1.461

1.000

6.500

227x

Review Diagnosticity

2.892

1.362

1.000

7.000

227x

Notes: x – 227 subjects wrote a review, out of 2,000 – this value reflects only authored reviews
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Table 3. Regression Results (Authorship & Conditional Quality)
LPM (1)
Authorship

OLS (2)
Conditional
Length

OLS (3)
Conditional
Diagnosticity

OLS (4)
Conditional
Helpfulness

0.028+ (0.016)

-0.968 (1.652)

-0.206 (0.364)

-0.212 (0.340)

Monetary

0.143*** (0.022)

-1.580 (1.578)

-0.277 (0.329)

-0.225 (0.321)

Social

0.063** (0.018)

5.357** (2.007)

0.703+ (0.369)

0.624+ (0.362)

Monetary + Social

0.135*** (0.021)

5.482** (1.742)

0.620+ (0.340)

0.765* (0.342)

Constant

0.040*** (0.010)

11.375*** (1.407)

2,000

227

227

227

18.03 (4, 1995)

11.61*** (4, 222)

6.52*** (4, 222)

6.05*** (4, 222)

0.032

0.174

0.106

0.099

Explanatory
Variable
Generic

Observations
F-stat
R-squared

2.688*** (0.296) 2.656*** (0.282)

Notes: *** p < 0.001, ** p < 0.01, + p < 0.10; Robust standard errors in parentheses; reference
category is the control condition, where customers were not contacted via SMS.

Table 4. Regression Results (Net Quality)
OLS (1)
Unconditional
Length

OLS (2)
Unconditional
Diagnosticity

OLS (3)
Unconditional
Helpfulness

0.248 (0.190)

0.033 (0.031)

0.031 (0.030)

Monetary

1.333*** (0.261)

0.190*** (0.043)

0.195*** (0.044)

Social

1.260*** (0.318)

0.178*** (0.047)

0.168*** (0.046)

Monetary + Social

2.495*** (0.387)

0.336*** (0.056)

0.358*** (0.060)

Constant

0.455*** (0.125)

1.068*** (0.020)

1.066*** (0.020)

2,000

2,000

2,000

Explanatory
Variable
Generic

Observations
F-stat
R-squared

17.14*** (4, 1995)
0.031

14.17*** (4, 1995) 14.14*** (4, 1995)
0.026

0.027

Notes: *** p < 0.001; Robust standard errors in parentheses.
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Figures

Figure 1. Sample Reviews from Customers of Retail Partner

Figure 2. Treatment Mockup (Monetary + Social SMS)
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