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ABSTRACT

Millions of web users engage in the online actistisuch as blogging, online forums, or online mevégstems to interact
with people and to capture attention. This stutdlgstto understand how online users compete forsttagce resource,
attention, when participating in the online Web 2adlivities. We develop a framework to capture deeision making

process for online users to choose a right topipdst information and right content to post. Usbawpk reviews from

Amazon, we find that online reviewers do behavenally in order to gain attention and to enharfwartreputation. Our

results suggest that experienced or top rankingwers are more likely to review relatively obscbiaks to avoid severe
competition for attention in popular books. Morenwvtop ranking reviewers usually post reviewsieathan low ranking

reviewers as there are fewer reviews coexistirtpeatarly stage to compete for attention. In teofreview ratings, we find

that low ranking reviewers post more extreme ratiwhich distance themselves from the current aeerating.

Keywords

Attention, online reviews, Web 2.0, virtual commiynuser-generated content.

INTRODUCTION

In the information age, there arises a new kincke@dnomy, namely the attention economy. Millionswafb users are
engaging in the Web 2.0 activities such as bloggimiine forums, or online review systems to offéformation in digital
forms so as to interact with people and captuentitin. These online activities are typically vathry activities without any
direct monetary rewards. However, even with no etary incentives we still observe millions of useraking efforts to
participate in these activities. For example, ¢hare over 3 million online reviewers registeredAmazon.com to offer
product reviews. Studies have shown that onlirexsuare typically driven by social capital suchpagr recognition (i.e.
peer attention), or online reputation, to keepipigdating in the online activities voluntarily (e.deppesen and Frederiksen
2006, Lerner and Tirole 2002).

While we are aware that the underlying motivatian énline users’ contributions is to gain attentiand reputation,
researchers pointed out that this increasing digifarmation creates the processing problem farsigo seek relevant and
useful information (Hansen and Haas 2001, Reut@®8,1Hunt and Newman 1997). With the large supplyser generated
content online, the scarce resource is not thenmtion itself, but the limited attention that owdiusers are able to allocate
on each of the online posts (Ocasio 1997). Fomgka, Simon (1997) argued that “a wealth of infotiovacreates a poverty
of attention”. Given the scarce nature of therditbe and the incentive of gaining it, online usars likely to compete
among one another to gain attention when theyipémtmation online.

In this paper, we focus on understanding how onlisers compete for attention when they post inftiona In particular,
we try to address the following research questiddew do online users strategically compete againstanother to obtain
more attention? Do they strategically choose oettpics to participate in, for example populgpits or unpopular topics?
When posting information, do they choose a safeqjly by following mass opinions or do they choasésky strategy by
differentiating their opinions?

We use online reviewers’ behavior as the contestidy these research questions. Online reviessao important role in
consumers’ purchasing decisions (e.g. ChevalierMaygzlin 2006, Liu 2006). This suggests that nolycare millions of
online reviewers participating in the reviewingieities, but also that a large amount of potent@hsumers or online users
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are seeking review information for their purchasdegisions. According to a survey conducted byoitels Consumer
Products Group in 2007, 62% of consumers read @mimduct reviews, and 80% of them say reviewsuanfte their
purchase decisions. Since peers’ attention andeonéputation motivates online review activityJina reviewers will have
to strategically provide valuable reviews so asdmpete for these scarce resources. Thereforieeamview activity suits
the purpose of this study.

Using book reviews from Amazon, we find that onlirviewers do behave rationally in order to gaiterdgton and to
enhance their reputation. Our dataset contairficiin books released in October and Novembei8200ne unique feature
of the dataset is that we collect daily informationeach book from its release date so that weble to identify reviewers’
behaviors throughout the time frame of the studye find that top ranking reviewers are usually mstrategic players than
low ranking reviewers in online review activityn terms of which topic (book) to participate inraasults suggest that top
ranking reviewers are more likely to review relativ obscure books to avoid severe competition fenéion in popular
books than low ranking reviewers. Moreover, topkiag reviewers usually post their reviews earttesin low ranking
reviewers as there are fewer reviews coexistirtgeatarly stage to compete for attention. In teofreview ratings, we find
that low ranking reviewers are more likely to pestreme ratings which differentiate themselves fittvn current average
rating as the cost of hurting reputation is rekdnow. This is probably the strategy adopteddoy ranking reviewers to
distinguish themselves so as to build up theirmenteputation.

The rest of the proposal is organized as folloWge first summarize the previous literature and fdgrihe gap in the

existing literature that this study tries to filNext, we develop a conceptual framework to motleldecision process for
online users to participate in the online actigtso as to gain attention. Then, we present ttee afed the methodology in
section 4 and 5. Finally, we show the prelimineggults followed by a discussion of the implicatidn the conclusion

section.

LITERATURE REVIEW

With the growing popularity of Web 2.0 activitieadathe business values generated from these #&divihere is more
interest among academia in studying these onlitieittes and their impacts (e.g. Aggarwal et al08DAggarwal et al. 2007,
Scoble and Israel 2006, Mayzlin 2006). For examglere is a large body of literature addressirgithpacts of online
reviews on product sales (e.g. Basuroy et al. 2D@Harocas et al. 2004, Li and Hitt 2008, Zhangle2004). They mainly
use two measures to study the impacts of onlineewesvon product sale¥,olumeandValence(e.g. Liu 2006, Zhang et al.
2004).

Volume measures the number of online reviews @lgevalier and Mayzlin 2006). A high volume of odireviews can
increase the awareness of a product among poténtyers and therefore can increase product sales2Q06). Valence
measures the positive or negative nature of oménéws. Unlike volume, the impact from the valemd online reviews is
mixed. For example, using user reviews on YahooVies, Liu (2006) and Duan et al. (2005) found ttiet valence of
previous movie reviews does not have significanpdot on later weekly box office revenues. Howewdnang and
Dellarocas (2006) found a significant positive tielaship between the valence of online reviews laoxi office revenues.

Recently, researchers have started to considemibect of web users’ characteristics in additiotht® numerical aspects of
the reviews on product sales. For example, Foretah (2008) considers the effect of users’ onidentities on the impact
of reviews. They report that reviews posted by reame users will have a larger impact on prodat¢ssthan those by
anonymous users. Chen et al. (2006) uses reviemgisng to measure the impact from reviewersimalreputation on the
impact of their reviews. They find that reviews top ranking reviewers will have a more powerfupant on product sales
than those by low ranking reviewers.

While understanding the consequences or the impddisese online posts is very important, it isoal®iportant to know
how online users behave when they participate @sdhonline activities, especially without any mangtrewards. In the
literature of member contributions in online comiities, studies have found that when lacking moneitacentives, social
incentives such has peer recognition and onlineitatjpn are important drivers for community memb#rscontribute
voluntarily (e.g. Lerner and Tirole 2002). For myae, in the open source software context, LernerErole (2002) found
that reputation and peer recognition are the pgmmaotivations for the providers to contribute te@ tbommunity without
monetary rewards. They claimed that the main driveproviders’ efforts is the “reputation capitalhey gained by
contributing to the community. Providers’ reputatisignals their competence which drives them tbigigate online. In
the context of firm-hosted user communities, fimeagnition of user contributions is also reportedrsaluable to the users
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(Jeppesen and Frederiksen 2006). Positive repatatid peer recognition can motivate participaot&eep contributing
voluntarily (Pavlou and Gefen 2004, Resnick e28D0).

These theories and findings are applicable to tle® /0 communities where users’ contributions gpecally motivated by
peers’ attention and their online reputation. Example, in an online review system, reviewers havdevote substantial
amount of time and efforts to write reviews. Howegthey typically do not get any monetary rewdatgheir contributions.
This type of community is similar to the open sausoftware development community as mentioned ab®ased on the
findings in the open source software literature, avgue that reviewers’ reputation in terms of thainkings would be
viewed as an important reward to the reviewers. ottmer words, they post reviews to attract morerdgittn and gain
reputation to reward their efforts.

While we are aware of the impacts of online posts the motivations for online users to generatedhmosts, little has been
known on how these social incentives and motivaticen affect users’ actions and decisions. Inrotleds, there is a gap
in the literature to link the underlying motivat®ifior users to contribute and the outcome of theirtributions, i.e. the

online posts they generate. These outcomes caifisigntly affect the consequent impact of thesknenactivities such as

the impact of online reviews on product salesthia study, we try to fill in this gap by develogia framework to study the
decision making process for web users when padtiicig in online activities to gain social benefits.

CONCEPTUAL FRAMEWORK AND HYPOTHESES

The conceptual framework developed in this studgstito capture the decision making process of wsdrsy online
reviewers in particular, when they join various tpoased Web 2.0 activities such as online revieWhen reviewers try to
post a review to gain attention, they are facing s&quential decisions: first, which topic or prodio choose, and second,
what content to post.

Topic Choice

The topic choice problem is for the reviewers toade an ideal topic that can maximize potentigngitbn. This involves
balancing between the popularity of the topic amal level of competition for attention within thaiptc. A popular topic

usually can attract much attention from online ssdfor example, the top seller books on Amazongemerate more than
one thousand reviews while an obscure book mayay mot have any reviews. In other words, the |®fdbtal attention

for a popular topic is usually much higher thart foa an unpopular topic.

However, choosing a popular topic can bring morese competition for attention at the same timénc&there are more
posts competing for attention within the popularitoit is not easy for one individual post to ceriorm other posts to gain
adequate attention. One can easily drown in thedflof similar posts. In other words, although éaeel of total attention

for that topic is high, the individual share ofeaition could be low. This effect would be morengfigant if attention is

highly concentrated. However, if reviewers chots@articipate in some unpopular topics, they masilg become a big
fish in a small pool. Therefore, the obscure tepicay seem unattractive at the first place. Thay turn out to be
rewarding in terms of potential individual attemtitm the users.

Considering both effects from the popularity ofitspand the competition for attention, experienoedewers will try to
avoid contributing to highly popular topics whicheady have many posts. They will be more likelyting efforts to those
topics that are either less popular or have orfgvaexisting posts. However, inexperienced welraisgay not be able to
construct such sophisticated strategy when chooipgs. Often time, they will be following the thtopics without
considering too much about how to maximize the qpizdeattention their posts can gain. Therefore,expect the following
hypotheses.

H1: Experienced reviewers will choose less popblaoks to review than inexperienced reviewersdhuill

H2: Experienced reviewers will post reviews whendr reviews exist than when inexperienced reviewdt do.

Content Choice

After choosing a topic, reviewers have to find aywa compete with other posts through their contef@n one hand,
offering a unique opinion to differentiate from thest of the posts could be an effective way totww&pattention. For
example, it could be eye-catching to post an extreating that is far away from the average ratingaageview site or to use
some special phrases that have not been used befberefore, using a differentiation strategy rhayp the post to stand
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out. However, this could be a risky strategy timaty lead to disagreement and bring negative feddb&or example,
Postmes et al. (2000) pointed out that online conmitpumembers are desire for behaviors that are istam with the
community norms. Reviewers’ posts that are patdrafter community norms are easy to communicatethers and
establish their reputation (Forman et al. 2008,nRé&set al. 2000). Therefore, using a differemtiatstrategy might hurt
their reputation and discourage online users.

On the other hand, following mass opinions or itiita others’ posts may seem to be a safe strategyettain users.
Although such a post may not be able to draw ashnattention as the unique one, it will not bringalnuegative feedback
at least. For users whose cost of hurting remrias high, an imitation strategy may be more ativa than a differentiation
strategy. Moreover, if the current competition &tention is relatively low, a safe strategy, the imitation strategy, may
result in high expected returns.

Online users will face the question of which stggtéo choose to gain more attention. Reviewerh esdtablished reputation
may not be willing to offer extreme opinions as dtost of hurting reputation is relatively high. Weaes may have to take the
risk of providing unique opinions to distinguistethselves so as to capture attention and estahkshanline reputation. In
addition, reviewers may not have to choose they/ridkategy when posting a review early as thefiised competition for
attention at early stage. However, if they postews late, they will have to take the risk by dintiating their posts since
the competition for attention becomes high. Thenefwe hypothesize reviewers’ content choice Hgvis:

H3: Reviewers with high reputation will be motely to use the safe strategy by posting revieatsate closer to the

average reviews than reviewers with low reputation.

H4: Reviewers will be more likely to use the ssifategy by posting reviews that are closer to dherage reviews

when they review a book early than when they rewgiéwok late.

Figure 1 summarizes the conceptual framework whidklels the two-step decision making process thégwers will take
when posting a review to gain attention.

Step 1: > Step 2:
Topic Choice Content Choice
Topic Attention Safe Strategy:- Rls ky Strategy:
Popularity Competition Imitation Differentiation

Figure 1. Conceptual Framework

DATA

This study uses book reviews on Amazon.com. Wecsé@imazon as it is the leading electronic retdiberbooks which

represents 70% of the whole market transactiorisha$ also been chosen to study research questgasding online

reviews by various previous researches (e.g. Chah 2006, Forman et al. 2008, Li and Hitt 2008)ur sample includes all
fiction titles released between October 1 and Nd&m31 2008 which contains about 1400 books. Ve fiction as it is
one of the top book categories on Amazon which liysatract adequate reviews for our analysis.adidlition, fiction is also
among the categories which have a relatively lamgeunt of new releases every month.

The data in our sample includes daily informationbmoks, reviews, and reviewers. For books, wiecbthe book’s daily
price and sales rank which will be used as a pmfxigs actual sales volume. For reviews, we colthe date when the
review is posted, the reviewer’s user name whialiccbe a real name or a pen name, the review ratieghelpful vote (this
indicates how many readers find this review helpéuld the total vote (this is used as a proxy efdmount of attention it
has captured). The votes are collected daily. eBam the reviews, we then obtain the informati@mf each reviewer’s
online profile on Amazon. This includes the revées! user name, the total number of reviews thesegosted in history,
and their reviewer rank on Amazon (Amazon ranksengers according to the number of reviews and thaity of their
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reviews). Again, we track the daily changes of reviewgrsifiles such as their ranks, the total numbeeefews they have
posted, and the total helpful votes they receiVhe following table summarizes the data in our dam@®ne unique feature
of our sample is that we collect all the informatimom the release date of the books. Thereforeare able to observe
reviewers’ strategies along the time. The dataedp a three-month period from October 1 2008 naaky 1 2009.

METHODOLOGY
Topic Choice

We model user’s topic choice by using the multinainhdgit model which has been applied extensivalythe marketing

literature to study consumers’ brand choice (eayp€nter and Lehmann 1985, Gupta 1988, Bell et9819). It is suitable

for studying the topic choice since it is basedadsehavioral theory of utility, accounts for exgory variables, and allows
competition (Gupta 1988). We define the topic ckanodel as follows:

__exp (b'Xyke) _
Py = 5B exp (bXr) k=1, ..., Bbooks

where:

P« = probability that reviewer chooses book to review on day and

X = the expected attention revieweran get for reviewing bodkon dayt and

Xie=CYne + &
where:

Yut = the vector of explanatory variables that magefthe potential attention reviewecan get for reviewing book
on dayt.

The explanatory variablesY,:, include the log transform of sales rankSalesRank number of existing reviews
(InReviewNur)y) the number of days from the release d&iB®dysElapsel] reviewer rank IlReviewerRank and average
current rating Rating. We will first estimate the expected attentioresiewer can get and then estimate the logit mtalel
understand what factors affects reviewer's choitéopics, i.e. books. To test H1 and H2, we wil imterested in the
coefficient oflnSalesRankndIinReviewNum

Content Choice

After selecting a topic, users will consider whahtent to post. For example, in the review contéxt reviewers will

decide the rating and the review content. Theyaiter choose a safe strategy, which is to imjpag¥ious posts, or a risky
strategy, which is to differentiate from previoussts. In other words, for the ratings, revieweas either post a rating
which is close to the current average rating oedneme rating which is far away from the averagéng. For the review
content, they can either repeat the product featangl the attitude towards these features as iprthgous reviews or they
can describe some new features or use a diffeomeat t Next, we describe the variables used to stedigwers’ content
choices.

Dependent Variables

To measure whether reviewers imitate or differéatimhen posting ratings, we define a dependenabk;jVValence which
is the difference between one reviewer’s rating #mel current average ratingValence captures the distance of that
reviewer’s rating and the previous average ratidgsmall value ofValencesuggests that the reviewer is imitating, while a
large value indicates differentiation. In additiove useValencé to measure the absolute distance between thewewi
rating and the average rating which ignores théigesor negative nature of the difference.

Valence = Rating — Average Rating

Valencé = (Rating — Average Rating)

Independent Variables

Since our objective is to study how different rewées compete for attention, we use two variablesotatrol for reviewer
characteristics, the reviewer ramik(ReviewerRank)and the real name identitgealNamefor each reviewer RealNamés
a dummy variable which takes 1 if the reviewer usaeal name and 0 otherwise. When the reviewstspm review on

! Amazon uses the ratio of Helpful vote/Total vatenteasure the quality of a review. In additiomyticlaimed that they considered the
relative magnitude of the amount of total votehat $ame time.
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Amazon, Amazon will also display a real name baiibge¢he reviewer who uses a real world name arapadviewer badge

if the reviewer is in the top 1000, 500, 100, 101aeviewer ranking list. Therefore, these twoiatsles capture the basic
indicators that can distinguish among reviewersorédver, using reviewer rank can offer insightshomw social incentive

such as online reputation affects users’ decisions.

Meanwhile, to identify whether a reviewer imitateeyious posts, we use the number of days afterdlease date of the
book, In(DaysElapsed)to measure the effect of the time. We controltfe popularity of the book as reviewers may also
behave differently for popular books versus obstumeks. We use the sales rank of the bdm(SalesRank)as a proxy of
the popularity of the books.

The models we will run to test H3 and H4 are akved:

Valencg = Sy + piIn(ReviewerRank + S,RealNamg + psln(DaysElapsed) + S4n(SalesRank + uy + e

Valencé, = f, + fiIn(ReviewerRank) + f,RealNamg + fsln(DaysElapseg) + fdn(SalesRany + u + e
wherey is a book fixed effect which controls for the diffaces in the rating valence across books. Asdtat H3, we
expect the coefficient fom(ReviewerRank)s,, to be positive and significant. For H4, we exptwe coefficient of
In(DaysElapsed)ss, to be positive and significant.

PRELIMINARY RESULTS

We present our preliminary results in this sectidmable 1 summarizes the descriptive statisticgHervariables. There are
338 books that have at least one review by theoétite data collection period and 2926 reviewsialt

Variable Obs. Mean Std. Dev.  Min Max
Number of Reviews 2926 44.82 58.857 1 290
InReviewNum 2926 2.89 1.486 .69 5.67
SalesRank 2915 69850.49 256201.700 3 7423646
InSalesRank 2915 7.05 3.432 1.09 15.82
InDaysElapsed 2926 3.18 .994 0 4.71
RealName 2926 .58 494 0 1
Rating 2926 3.98 .780 1 5
InReviewerRank 2065 11.45 3.324 .69 15.47
Valence 2926 -.06 1.120 -3.73 3.04
Valencé 2926 1.26 2.045 0 13.98

Table 1. Descriptive Statistics

In terms of which topic (book) to choose, we tsest to compare whether experienced or top rantémgwers pick books
differently than low ranking reviewers. Table Zygasts that top ranking reviewers are more likelyaview relatively

obscure books to avoid severe competition for #itierin popular books. Moreover, we also compahether top ranking

reviewers intend to pick a certain time to post theiews. Table 3 and 4 show that top rankingeweirs usually post a
review earlier than low ranking reviewers as thane fewer reviews coexisting at the early stageotmpete for attention.
These results suggest that top ranking reviewdtstrategically choose an appropriate book and@dgime to review so as
to gain more attention. These preliminary findisge consistent with the prediction of our framelwand the hypotheses,
H1 and H2, that reviewers try to balance betweerpthpularity of the book and the competition faeation when choosing
books. Based on these findings, we will conductevamalyses using the topic choice model develapélte methodology
section to obtain further insights.
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Reviewer Rank Top 100 Low Top 500 Low Top 1000 Low
Mean 8.92 6.99 8.51 6.98 8.27 6.96
Std. Dev. 3.407 3.417 3.387 3.419 3.452 3.414
Obs. 88 2827 132 2783 193 2722
Diff (Top — Low) 1.93 1.53 1.31

Note:” p-value < 0.01, p-value < 0.05

a. The Low group contains the rest of the reviewerssetreviewer rank is larger than the rank in thp Gimup.

Table 2. t-test for meanIn(SalesRank)

Reviewer Rank Top 100 Low Top 500 Low Top 1000 Low
Mean 1.37 2.94 1.68 2.95 1.87 2.96
Std. Dev. 1.033 1.472 1.226 1.472 1.241 1.475
Obs. 89 2837 133 2793 194 2732
Diff (Top — Low) -1.57" -1.27 -1.09
Note: ™ p-value < 0.01, p-value < 0.05

Table 3. t-test for meanIn(ExistingReviewNumber)
Reviewer Rank Top 100 Low Top 500 Low Top 1000 Low
Mean 1.84 3.23 2.23 3.23 2.42 3.24
Std. Dev. 1.107 961 1.265 .957 1.198 .956
Obs. 89 2837 133 2793 194 2732
Diff (Top — Low) -1.38" -1.00° -82"

Note: ™ p-value < 0.01, p-value < 0.05

Table 4. t-test for meanin(DaysElapsed)

In terms of review content, we find that low ramdireviewers tend to post more extreme ratings hvllistance themselves
from the current average rating, which is consisteith H3. Table 5 shows that the coefficients lfgfReviewerRankare

positive and significant in Model 2 and. 4This supports the prediction in H3 that low riagkreviewers tend to use the
differentiation strategy to distinguish themselgesas to capture more attention, while top rankangewers tend to use a

safe strategy by not posting significantly deviataiings.

The coefficients fotn(DaysElapsedare positive and significant in Model 2 and 4.e3é results are consistent with H4 that

when reviewers post reviews late they will post enextreme reviews than when they post reviews early

Comparing Model 3 and 4 with Model 5 and 6, we fthdt top ranking reviewers behave differently fréow ranking
reviewers. Low ranking reviewers are more likalyuse a differentiation strategy but it is not @ma among top ranking
reviewers. For example, for top reviewers, thegnseot to post extreme reviews even when they nge#ws late, i.e. the
coefficient forln(DaysElapsed)s not significant in Model 5 and 6. This may dige to the fact that top ranking reviewers
typically post reviews earlier than low rankingiewers as discussed above.

These findings are consistent with the predictiamf our framework that top reviewers tend to be ennservative than
the low ranking reviewers as the cost of hurtingutation is much higher to them. Therefore, tagkiiag reviewers will be

less likely to choose a risky strategy, i.e. tHéedéntiation strategy.

2 The model fit for Model 1 and Model 3 is extrembw, so we do not interpret the results from these models.
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Model 1*' Model 2>' Model 3" Model 4>" Model 5" Model 6>

In(ReviewerRank) -.02 .07 -.02 .08 -.04 -.02
(.009) (.016) (.014) (.024) (.038) (.052)
RealName 11 -.07 11 -.08 11 .25
(.056) (.097) (.061) (.106) (.191) (.260)
In(SalesRank) 03 -.03 .02 -.03 -.04 -11
(.043) (.075) (.048) (.084) (.149) (.203)
In(DaysElapsed) 02 .18 -.02 19 17 26
(.038) (.066) (.043) (.076) (.102) (.139)
Obs. 2057 2057 1864 1864 193 193
R? .06 .18 .06 17 .35 .36

Note:” p-value < 0.01, p-value < 0.05

a. Model 1, 3, and 5 uséalenceas the dependent variable.

b. Model 2, 4, and 6 us¢alencé as the dependent variable.

i. Model 1 and 2 contain the whole data set.

ii. Model 3 and 4 contain reviewers whose rank is latigen 1000, i.e. the low ranking reviewers.
iii. Model 5 and 6 contain reviewers whose rank is ald®@®, i.e. the top ranking reviewers.

Table 5. Valenceand Valencé

CONCLUSIONS

Using book reviews from Amazon, we show revieweith wlifferent reputation level exhibit differentgference on book
choices and content choices. Reviewers with maperence and high reputation level are more ratiarsers whose
decisions are consistent with the prediction of vamework. Reviewers with less experience and feputation level are
not as rational as top ranking reviewers when cingosooks to review. Moreover, low ranking reviesiare more willing
to take the risky strategy than top ranking reviesasy offering extreme ratings.

To the best of our knowledge, this study is thetfattempt to understand how online users’ decssine driven by the
rational desires to gain attention and online repon. It fills the gap in the literature on hohetsocial motivations can
actually affect online users’ decisions. This gtodfers several insights to companies who tryreate social incentives to
encourage participation from web users.

First, our results indicate that web users areoserabout these social benefits and their behacioutd be influenced by
these pre-designed mechanisms such as revieweingaskstem. Adding such social benefits to theraiseay actually
encourage more serious usage of the online systdrmare contributions from the web users.

Second, companies may utilize these incentivesawipalate users’ behaviors to achieve their busigesls. For example,
since reviews posted by top reviewers are usuatiyenpowerful, if companies want to promote certgimes of products,

they can offer more social incentives to enticdaweers to review these products. For instance; tia® double the weights
on these products when computing the reviewer rdnkthat case, reviewers who treasure their omapaitation, typically

top ranking reviewers, will review these productsrenactively. As a result, these products can gaine attention from

potential buyers.

Third, not only are the topic choice affected bg #ocial incentives, the content they offer are alffected. This, to some
extent, offers opportunities for companies to predr control for user generated content. For glamwe find that top

ranking reviewers are less likely to offer extreraings. If companies can offer users enough bawantives which add

adequate cost for them to post a deviated ratirexwemely negative rating, these unwanted negaditiegs can be reduced.
In other words, angry customers may be more toldmthe unsatisfied products as they do not wamtestroy their build-

up reputation.

The future direction of this study includes exphgrihe topic choice model to formally test H1 arRiahd the text content of
the reviews. Not only do review ratings reveal strategic choice that reviewers are making, bst #he text content can
affect the level of attention that reviews can gaifherefore, reviewers will need to determine rategy for writing the

content as well. For example, they can repeaptbduct features and the opinions that early resibave discussed or raise
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some new issues. We develop a measurement in AppAnto measure the frequency of commonly usedds@f each
review to study reviewers’ decisions on review emtt Combining the results from the ratings arel tdxt content will
bring us a holistic picture of reviewers’ decisiamsen offering reviews.
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APPENDIX A

To study whether the reviewers are repeating pusijomentioned product features and attitudes, pmyatext mining
technique to the review content. Following Ghose kpeirotis (2007) and Ghose and Ipeirotis (2008) define nouns to be
product features that are used in the review corded adjectives to be reviewers’ attitude. Theasneement is the
frequency of commonly used words for individualiesv content.

When calculating the frequency, we only consider rieviews for the same book rather than use afl ttajether. This is

because the product features of a book are vefsrdift from those of digital products, such astdigiameras, which share
very similar product features across different dsaand models. The product features of a bookraiely the story, the

characters, or the writing skills which vary a éatross books. Therefore, it makes more sensedy stview content within

each book than across all books. Otherwise, wermape able to find interesting common words Hratfrequently used.

To obtain the frequency of commonly used wordsuse the following three-step approach. First, e 8AS Text Miner
to generate a term list for all the reviews of drmmk. This is a list of nouns and adjectives thate been used in the
reviews. Then, we count the frequency of each teritihe term list for each review. Finally, we @ahte the variable,
Frequency which is the dependent variable to measure #guiEncy of commonly used words. Although thereusteally
over 300 hundreds of words in the term list, we @mly interested in words that are frequently usddherefore, we only
consider the words that appear in at least 10 wsviend combine the count of frequency for thesedw/dor each review.
Since the frequency will be affected by the lengtleach review, we divide the sum of count by taegth of the review,
which is the total number of words used in eactiergv This allows us to compare between reviewsaddition, since the
number of such frequently used words may be diffeaeross different books, we further divide theqfrency by the
number of frequently used words. This allows usdmpare reviews across books.

Y. Count of frequently used words
Frequency =

Review Length *» Number of frequently used words
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