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Do I Follow My Friends or the Crowd? Information Cascades in Online
Movie Ratings

Abstract

Online product ratings are widely available on the Internet and are known to influence prospective buyers. An
emerging literature has started to look at how ratings are generated and, in particular, how they are influenced
by prior ratings. We study the social influence of prior ratings and, in particular, investigate any differential
impact of prior ratings by strangers (“crowd”) versus friends. We find evidence of both herding and
differentiation behavior in crowd ratings wherein users’ ratings are influenced positively or negatively by prior
ratings depending on movie popularity. In contrast, friends’ ratings always induce herding. Further, the
presence of social networking reduces the likelihood of herding on prior ratings by the crowd. Finally, we find
that an increase in the number of friends who can potentially observe a user’s rating (“audience size”) has a
positive impact on ratings. These findings raise questions about the reliability of ratings as unbiased indicators
of quality and advocate the need for techniques to debias rating systems.
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Abstract

Online product review as a form of online Word obtth (WOM) and User-Generated Content (UGC)
has attracted much attention recently. While tteseemany studies relating online reviews and prbduc
sales, the interesting and important problems ddggruser review generation processes have been
largely ignored. This study analyzes how online imayser ratings are generated through a complex
interrelationship between product information, nedirkg effort, and social influences. In particulae
examine the effects of comparable observationahieg from the crowd or friends on user ratingsisTh
study exploits sequential user movie ratings in aiine community with user and movie level
information, and constructs plausible latent vdeabfor users’ perceived movie quality and the
heterogeneity at movie and user levels. Our armlysiicates that, on average, higher predecessors’
ratings increase the likelihood of a subsequent pseviding a high rating; in other words, herding
occurs. On the other hand, the degree of herditger by prior friend ratings becomes relatively
smaller. More interestingly, the impact of predeces’ ratings becomes weaker as the volume ofdrien
ratings increases. This study contributes to trderstanding of how social imitation and learninfgetf
user rating generation and how online social imtesas moderate inefficiency in product quality

information created by online users.

Keywords: Online Word of Mouth, Informational Cascades, Qbatonal Learning, Herding, Latent

Variables, Multilevel Model, Movies



1. Introduction

Online user generated reviews, as a reliable sdorcquality information about experiential prodsict
can significantly enhance the “Buzz” effect surrdung the products. In recent years, firms have
deployed new services and business models to pwerser-generated reviews. In March 2009, Netflix
integrated its web application with Facebook tousérs link their accounts at the two sites andesha
movie user ratings (Tirrell 2009). Under this sclkeemmovie ratings on Facebook will be linked back to
the corresponding movie pages on Netflix, so othembers can easily discover movies and add them to
their own queues. Similarly, some startups haven ba®veloping new recommendation services by
aggregating scattered user generated reviews acrageus online communities. For example,
Nanocrowd analyzes user generated reviews andysatiata from various sources on the Internet and
creates a list of customized movie recommendafiangsers (Glockner 2009).

Existing work in this area has analyzed the deaigtperformance of eBay and Amazon-like online
recommendation systems (for example, see a surv®eilarocas 2003). Specifically, most studies on
online reviews focus on the ex-post valence angedgson of online reviews and their relationshiphwi
sales. There are mixed findings in the literatunehow online user reviews of a product influenee it
subsequent sales (Godes and Mayzlin 2004, ChewadeMayzlin 2006, Duan et al. 2009, Dellarocas et
al. 2007). The positive impact of user reviews ooksales for online retailers such as Amazon.com o
BarnesandNoble.com has been empirically testedv@iee and Mayzlin 2006, Li and Hitt 2008). Chen
et al. (2004), however, reports no impact of ussings on sales from a similar data source of
Amazon.com. Duan et al. (2005) and Liu (2006) exenthe positive impact of online review volume on
sales. Recently, Li and Hitt (2008) analyze howsgncratic preferences of early buyers can affeug
term consumer purchase behavior through onlineeve\systems, and show that altering marketing
strategy to encourage consumers to generate mosiwews to self-select into the market early ddé
beneficial for new products. Forman et al. (2008) the stronger association between reviews aled sa
in the presence of reviewer identity disclosuredéminformational cascades, Duan et al. (2009) look
specifically at the impact of user ratings on saftev adoption and find that user ratings have no
significant impact on the adoption of popular seafite:

Another research stream is related to the motimaftis users to generate reviews on the Internet.
Social psychologists have for long been studyingténal sharing. People share their opinions sfortl
after an event occurs, with over 50% even on theesday. The majority tends to share recurrently wit
multiple people. There are a few differences in ¢teent of sharing with regard to age, gender and
culture (for reviews, see Rimé et al. 1991, 19998). Peer recognition is a positive motivator sinc
people value such recognition (Jeppesen and Fokden 2006). The work on online reputation systems

has primarily focused on the consequence of pemgretion (Resnick et al. 2000). Self-verificatitn



another important driver of online contribution.opke wish to feel connected to others in socialigso
and receive identity-affirming feedback from otharghe group (Jones and Pittman 1982, Swann 1983,
Brewer 1991, Baumeister and Leary 1995, Tyler e1296, Hornsey and Jetten 2004). Regardless of the
motivations of user generated reviews and theatiaiship with product sales, intuitively, positioeline
review posts encourage other consumers to adogugi® whereas negative opinions discourage them
(Dellarocas et al. 2007).

These studies do not, however, directly analyze dplwne user reviews are generated and whether
they effectively convey and move information abquality through large-scale consumer networks. In
addition to directly observable product informatemd surrounding environmental characteristics sisch
competition and advertising, we consider two majdiuential factors to examine online user review
generation and quality information flow. First, tbpinions created by preceding users (other reyiews
may affect the current user’s perception on quatigpecially, the components of social influencehsas
word of mouth, product information diffusion, netkoeffects, and informational cascades, are
intermingled and it is difficult to clearly idengifeach component (Duan at al. 2009). People fratyuen
engage in “observational learning,” drawing quailitierences from observing peer choices (Zhang 2010
It is possible that the observation of choicesrofteexists with other sources of quality informatguch
as word of mouth communication (Ellison and Fudegld®95, Godes and Mayzlin 2004, Mayzlin 2006),
network externalities (Nelson 1970, Erdem and Keb®@6, Camerer and Ho 1999, Villas-Boas 2004,
Hitsch 2006, Narayanan et al. 2007), and firms’ketng mix variables (Moorthy and Srinivasan 1995,
Wernerfelt 1995, Desai 2000, Anderson and Simexded, Guo and Zhao 2009, Zhang 2010). People
may overreact towards more positive (negative)enssi or be disgruntled by other reviews, but the
communication or discussion between friends (viciadonetworks, e.g., online friends are acquainted
with each other in an online or offline communitgay lead to private information flow. If a consumer
can clearly identify her friend as a very consawmeaperson in rating after communication, this ridé&s
rating could provide different quality represerdati Also, people may or may not be attracted by
intensive advertising and it is unclear how onliiser ratings are related to the advertising etigrtirms.

As such, it remains unknown how and to what exfamdr reviews transfer information and private
opinions about the product to subsequent adopberseyiewers) under a variety of observable product
guality measures. This becomes more complicatechvedaeh review is summarized into a numerical
value and its underlying tone or reason cannotasédyerevealed. In addition, manipulation of rasry
firms and reviewer self-selection bias can distaidrmation from observable online user ratings ghd
Hitt 2008). Therefore, online reviewers encountempr@blem of rating decision under imperfect

information from prior user reviews and their owivpte signals.



Second, users’ different tastes or preferencebednndamental identifiers when online reviews are
generated. The complexity and difficulties in thesearch is mainly attributed to the unobservable
consumer preference of product and motivation wieses. Different preferences will provide different
thresholds to consumers in product adoption and evaluation decisions. This problem becomes more
sophisticated when the thresholds are affectedthgrg decisions or similarity in social systemsr F
example, individuals in the same reference group rend to behave similarly in a common
environment. Hence, it is difficult to distinguisbal social effects from correlated effects, knagnthe
reflection problem (Manski 1993, Bramoullé et @&09). In order to correctly examine the generatibn
online user reviews, another challenge is laidsatating social influence from consumer heteroggnei
homophily (McPherson et al. 2001), and other relewaformation such as product characteristics and
firms’ marketing mix variables.

In this study, we characterize user product evadoabehavior in online movie review generation
and examine observational learning in sequentigéperated ratings. In particular, we use publicly
available data from an online movie social netwagkcommunity website—Flixter.com (Flixster). Other
data such as movie characteristics, performanog, naarketing spending are collected from various
sources to meet the challenges described abowstdtlis the largest and fastest-growing online imov
community. It has over 20 million unique users wise its website and Facebook application each month
and about 2 billion movie reviews created by usEflixster provides its web and mobile applications
across a wide network of popular online platforike IFacebook, MySpace, Bebo and iPhone. This
facilitates users to share their thoughts and opmwith friends instantly as well (Dobuzinskis apat
is ideal to examine observational learning in triine movie community for the following reasongsk
user ratings are time-stamped, and the sequeneseofratings is easily identified. Second, a unigser
name associated with each rating and the use€sdship in the community clearly separate obseevabl
ratings by the crowd and friends. The enhancedifeatof Flixster's web or mobile applications naotyo
increase the visibility of friends’ ratings and shg opinions but also make it very easy to reaa th
corresponding text reviews (See Figure 1). Mearayltile likelihood of within-crowd communication is
minimized but the possibility to communicate betwealine friends is maximized. Hence, the identifie
ratings in friendship network among users may mimie online WOM and distinguish observational
learning without and with online communication, ahiin turn enables us to investigate comparable
information-motivated herding (Banerjee 1992, Bikdwedani et al. 1992) in online movie ratings. Hence
online user reviews and ratings are quality infdfamaindicated by prior reviewers, which may drive
later reviewers to generate similar ratings (Li &hid 2008). Third, similar to Zhang (2010)’s evide of
observational learning in patients’ sequential siecis of kidney transplant, online users are uhlike

influenced by other primary mechanisms behind unifgocial behavior, such as sanctions of deviants,



preferences for social identification (Kuksov 200 d network effects (Yang and Allenby 2003, Nir
al. 2004, Sun et al. 2004). In particular, onlireens’ rating choices do not usually contain public
appearance value that professorial critics mosilycern about. Online reviewers do not usually deriv
additional benefit from generating reviews and,degnhere is no apparent positive externality exgsin
product adoption (Katz and Shapiro 1985). The Uddidy market in Zhang (2010) presents that the
awareness of transplant kidneys does not playrdfisignt role due to the limited number of donorsla
patients. However, movie information diffusion nizg/an alternative factor that possibly leads talingr
behavior (Duan et al. 2009) in online rating pa&pttion and choices. For example, the likelihood of
sharing opinions and participating in online revdewcrease with the number of previous online esie
this is similar to the traditional product inforrmat diffusion (Bass 1969), regardless of the overal

valence of ratings.

Your Rating

Share on: I] Facebook

Friends Who Want To See

None of vour friends want to see this movie

Your Friends' Ratings

Telsthy Take the MCT!

is one is the bestin its series
Share This Review

E"‘i yieeny1 Take the MCT

Share This Review

A. Movie and User’s profile page B. Rating Page

Figure 1. Screen shots of a user profile and movigebpage in Flixster.com

Our analysis is designed to examine observatice®iing and herding behavior in online movie
user ratings, as suggested by the informationalackes theory (Banerjee 1992, Bikhchandani et 82,19
1998). While all moviegoers can observe public raoelated information (e.g., genre, MPAA rating,
box-office rank and sales, critics’ reviews, adgeng, and etc.), each audience creates perceivalityg
about a movie (e.g., private quality signals (Zh@0d.0)) after watching it. If an online user watdas

share her opinion about a movie at an online coniiyyushe may observe others’ prior opinions befare



after watching the movie (e.g., ratings by othéorpusers or friends) in the community. Althouglctlea
prior user’s rating is virtually observable, thesvamount of reviews available on the community has
created information overload among online usergb and Varian 1999, Brynjolfsson and Smith 2000,
Jones et al. 2004). An online user may infer thalityuof a movie only collectively by the averagegp
rating for the movie (Li and Hitt 2008). In partiary, while the average rating is a measure withamyt
interaction with other users (i.e., observatiorarhing from others in rating is enabled as ilatsid in
Figure 1-A), the quality signal from prior ratinggy her friends may present a different characterist
having both the friends’ ratings and private reasprie.g., text reviews corresponding to numerical
ratings or online chatting with the friends, Segufe 1-B), therefore the friends’ ratings and texiews

are more similar with offine WOMSs. As a resultuaer’s rating decision depends possibly on others’
rating decisions as well as her private qualitpinfation.

In the observational learning literature, it is y&d theoretically that an individual can rationally
follow the behavior of preceding individuals withaegard to her own information, having observeal th
actions of those ahead of heifermational cascade¢Bikhchandani et al. 1992, p. 994lerding
describes a phenomenon in which individuals corevémya uniform social behavior (Banerjee 1992,
Bikhchandani et al. 1998). Several empirically otéel studies (e.g., Anderson and Holt 1997, Ceteh a
Kariv 2004a) demonstrate the convergence in indadigl actions in experimental environments. In this
paper, the time series of user ratings help totifyenbservational learning in online user ratimgrh the
different sources (the crowd or friends) of priatimgs since the time position of a user’s ratimgjgates
the amount of observational learning the user gs&d to (Zhang 2010). As a result, instead oinigst
user rating convergence, we are able to examinénthact of observational learning on user rating by
applying latent response approach at the individeral. In particular, we explore the presence and
implications of comparable observational learningonline user rating by addressing the following
research questions:

o Does observational learning exist in online us¢ingaeven when a user has already created
private quality information?

e Is a user influenced by others’ ratings differerithsed on the type of observational source when
making a rating choice?

¢ How does the observational learning relate to $adi@ractions among users?

o How do online user characteristics (e.g., age,rakiytin a social network, the amount of online
activity, visibility to others, etc.) affect ratingehavior?

¢ How should firms and recommendation system desigadjust their strategies to account for

possible user behavior in online rating?



The extant studies (Chevalier and Mayzlin 2006,ahd Hitt 2008) have found the evidence of
positive impact of online user rating on online baales while the impact is insignificant in popula
software adoption (Dual et al. 2009). To gaugesthength of our results in observational learnimgser
rating generation, it is critical to show that omliuser movie rating is positively linked to suhsag
box-office sales. Hence, our sales model is exaligidesigned to test this economic evidence after
analyze observational learning. Actual box-offiades of population-level movies in 2007 and their
advertising expenditures are used to estimate ales anodel. This differentiates our study from the
extant studies that have used a subset of produstdes channels, and proxies for promotions (&lrev
and Mayzlin 2006, Li and Hitt 2008). In particulave examine the impact of online user rating on
weekend box-office sales by addressing the follgviwmo questions:

o If we are able to separate average online usergrédr a movie into a component from all other

factors, how does it affect the long-term weekeoxl diffice sales of the movie?

¢ How is the impact of online user rating differeetieen all movies and relatively popular ones?

By applying several estimation methods to addresgrbgeneity in user and movie levels and
possible homophily, our findings suggest that, eerage, higher predecessors’ ratings increase the
likelihood of a subsequent user to provide a highéng; in other words, herding occurs. We alsovsh
that the degree of herding can be significantlyedént across movies due to movie level heterogenei
On the other hand, the degree of herding due tr friend ratings becomes relatively smaller. More
interestingly, the impact of predecessor’s ratimgtomes weaker as the volume of friend ratings
increases. Hence, this study contributes to theenst@ahding of social imitation and learning in oali
user product recommendation and how online sociatactions moderate inefficiency in product qyalit
information created by online users. Finally, iseparate analysis, we find strong evidence of ipesit
impact of average user rating on the long-term dffice sales and compare it to the effect of adsiag
to highlight the significance of online user ratiaigd the implication of observational learninghie user
rating generation process. Therefore, our findimgside useful managerial implications for sociadia
marketing and recommendation-system design as well.

We organize the rest of the paper as follows: Rivstintroduce research background and formulate
the hypotheses. Second, we describe the data., Mardexamine user rating generation behavior and
social influences by several estimation techniqgiesirth, the empirical evidence of positive relaship
between online user rating and long-term box-offgaes is presented with robust econometric

methodology. Finally, we discuss the implications affer directions for future research.
2. Research Context and Hypotheses Development

Our study is established on the user rating geingrgarocess of the sequential choices of users who

interact with other users primarily in an online vigocommunity, Flixster. Flixster presents an ideal



environment for this study. Virtually, all movie&.g., upcoming and current in theaters and DVRs)d
information is available at Flixster by simple sgarOn each movie page, users are presented wiithea
array of movie information: synopsis, actors, dioeg, running times, release date, MPAA rating, ered

In addition, several types of movie recommendativa available on each movie page at Flixster:
information on average user rating, average criting, and each friend’s rating with an attachext t
review, and total number of reviews for a movieg$égure 1). A user can recommend any movie link
directly to her friends and forward a friend’s mwieasily to other friends in Flixster and even afilaer
Web applications (e.g., Facebook and Twitter). iréormation on user ratings and reviews, Flixster
updates the cumulative number of ratings and friatihg associations with individual users (e.gerfd
ratings will be presented separately and immedipfelr each movie every day. Like other popularigoc
networking websites (e.g., Facebook and MySpa@@h eiser can create her own profile webpage in
Flixster. A user can manage her online friendsimg ather users can visit her online profile webpage
(e.g., name, gender, location, membership duratioe,number of views by others, total number of
friends, the number of generated ratings, the numbgenerated text reviews, and etc. See Figukg 1-

In addition, public movie quality information shdube controlled for. First, the time series of naovi
performance information reflects the total humbgrldopters (audience in theaters) and the extent of
product diffusion (Bass 1969) at a given time. Bdfice sales and ranking of each movie at a givee t
are publicly available at movie information websiteuch as BoxOfficeMojo.com and Numbers.com.
Second, another piece of public movie quality infation is critics’ rating. Unlike sales and ranking
movie critics’ ratings (e.g., Metacritic.com) arsually presented at the beginning period of a msvie
release, therefore average critic's rating is timexriant in our study. Third, potential audienavdn
after watching) can be exposed to subjective guatitormation from firms. The advertising effort is
intense right before the movie release day. Howefiens can allocate marketing budget even after
movie release (Dellarocas et al. 2007). This adtitve quality inference from advertising should be
controlled for as well. Hence, we have collectectkig advertising spending for each movie from TNS
Media Intelligence. Our rich data sources combilhg@ssibly observable explanations of user quality
inference and distinguish our study in identifyiolgservational learning from the extant informationa
cascades literature.

2.1 Informational Cascades in User Ratings

Generally, a user watches a movie in theater ifelxpected quality of the movie is greater thanidiset
price. Then, the users may want to express anc signions online about the movie. That is, a @ser’
movie rating choice involves several phases ofityumiferences (See Figure 2). For example, based o
all prior quality inferences before watching a neoyby ads, own valuation, peer and expert reviews),

only users who have expected utility greater tHaoua$10 would watch the movie. Though the expected



quality of a user would be updated into her peeiquality after watching a movie, she still faces
another decision to choose a rating value (e.@,admumerical values or stars in a 1 to 5 or lHes).
As a result, the user has two sources of informatiogenerating a review online for the movie. Gge
her own information based on the perceived qualitthe movie. Although the information can be more
certain than the expected quality before watchimg movie, she can still be uncertain about the true
rating value. The other is the information deri¥emim rating choices by others (Duan et al. 2008ye-
comparable ratings from the crowd and friends instudy. Others’ prior ratings can still possibffeat
not only a user’'s decision to watch a movie (Li atitt 2008) but also her rating decision. She then
combines the two sources of information (e.g.-pelteived quality and prior other ratings) to make
rating choice about the movie. Consequently, wep@se one following hypothesis to evaluate our
assumption that a subsequent user is influenceath®r users’ ratings when she generates a ratieg ev
after watching a movie.

HYPOTHESIS 1 (H1): Herding Behavior in User Rating.The higher the average rating by prior

users is, the more likely a subsequent user ifooge a high rating versus a low rating.

r
Observational Rating
Learning (Representative
A Quality)
Decision
fimhm - Higher T
P O —— .
Quality L _ Lower ———
Expected : . ;
Quality>$10 g;;::sRatlngs E';?{?;%i"esnce User Ratings
: b 9 (the crowds and
Adved Ratings Critics Ratings Friends)
L Advertising Advertising
to ts=informed t> = watched t:=want toshare | l4=rating ﬁme:
Uncertainty
v

Figure 2. A time line of a usejj to rate a moviei

Underlying observational learning from the two camrgble ratings of the crowd and friends may
send different quality signals although the obsowa (e.g., rating valences) are the same. Whaota b
ratings are regarded as the actions (or choicesjhefrs which may trigger observational learnirngyt
represent quality differently in the context of WON impact subsequent users’ actions (Katz and
Lazarsfeld 1955, Coleman et al. 1966, Gladwell 20@nline community (Sproull 2003) resembles
offline community not just in the way of communicat activities (e.g., email, blog, and instant
messaging) but also social activities (e.g., makiinds, establishing self-recognition or socialtss in

social networking sites). Hence, WOM flows in oslioommunity similarly as in offline world. Also,



online WOM is not created or consumed equally aadmpact depends on who is talking to whom
(Godes and Mayzlin 2004). Unlike ratings from thieved, the observed ratings from friends can have
embedded WOM effect due to online communication amgractions among people which is
fundamental in the notion of WOM (Arndt 1967). WO#ffect is a different social force to impact
consumer action compared to informational cascautinghich users rationally ignore, or weigh less on
their private information (any quality inferencejdagenerate similar actions of others (Bikhchaneéaai.
1992; Vives 2008 ). Hence, the choice behavioatmg can be influenced by a reviewer's own tast a
the tastes of others (Yang and Allenby 2003).

Our study posits to identify the difference, if abgtween the two comparable types of observational
learning — the collective information about otheers’ ratings and the information about friend$ings
which embed WOM effect and bounded memory. Therdas considered “smooth” nature of learning
rather than “discrete” nature which leads evernyutdl herding behavior (Vives 2008). When a user
comes to the website, she usually can see thegeveating by previous users about a movie without
detailed information about how each predecessordiad the movie. In contrast, the underlying reaso
of friends’ ratings are more visible by associatext reviews and other means of communication since
the design of social networking sites typically malkt easier for a user to see what her friendartb
change within the site. When a user rates a mdwe,decision would be that of choosing one rating
category over other rating categories. In thisgetather than testing rating convergence towdrdsnd
of queues, it is important to see the evidencebstovational learning from other ratings with arithaut
sharing private information among users. For examgilere may be a higher probability that a user
chooses a high rating than a low rating if the oles# ratings of the crowd are high when other
explanations of quality inference are fixed. On dlleer hand, based on the informational cascades\th
(Banerjee 1992, Bikhchandani et al. 1992, 1998), gtobability should become relatively lower with
friends’ ratings due to information sharing. In ethwords, herding behavior is moderated due tarstpar
the underlying reasons of friends’ ratings, whiciymeflect the likelihood of convergence to ancidint
quality information level (Zhang 2010). In our papee separate the average ratings of precederg use
(CROWDRA and precedent friend=RWOM since each would form different quality infornzati
delivery in the aggregate statistics as describeltee. We therefore propose:

HYPOTHESIS 2A (H2A): CROWDRA, all else equal, leads to a higher degfdeeading behavior
in a subsequent user’s rating than the averagaéieating

HYPOTHESIS 2B (H2B): Due to the amount of information sharing amongniti® a subsequent
user’s herding behavior by CROWDRA is reduced bywtilume of friends who rated the same movie.

There are two challenges in this study as descelelikr. First, individual heterogeneity in terofs

taste, preference, and perceived quality cannatbiserved. Second, other possible social effect aach



10

homophily should be controlled for. In our conteiktthere were homophily effect, it would cause a
reflection problem (Manski 1993, Bramoullé et al02). We address these issues in the following
sections.

2.2 Other Public Quality Information: Marketing Eff orts and Critics’ Ratings

Beside others’ rating choices, public quality imh@tion about movies may have a significant rolesar
rating generation. Users may end up with similéingachoices due to common context factors such as
firms’ marketing efforts and critics’ ratings. Hendesting observational learning in user ratinghhbe
spuriously attributed to social contagions withaestounting for these variables (Zhang 2010). Many
studies in recommender system literatures (e.g.,aBa Pavlou 2002, Bajari and Hortacsu 2003,
Chevalier and Mayzlin 2006, etc.) have found thaerufeedback significantly affects the future
performances (price and sales) of products aces=al industries. However, they have overlooked ho
the feedback is influenced by marketing effortqgesk reviews, and interactions among users. Hemee,
also include observed advertising expenditure ardawerage ratings of movie critics of each mogie a
the proxies for public quality information in ouafmework. Potential moviegoers may usually consume
these measures for adoption decision (e.g., bwyimgvie ticket). After watching movies, these measu
are not very new anymore to moviegoers. As a reanlaudience’s perceived quality can be created by
mostly actual film experience, rather than advigisnformation which is used for expected quality
(Kirmani and Wright 1989). Since advertising is somplementary to any rating information that rgtin
users can mimic, its informational impact on a isseating decision problem should be minimized um o
study. Therefore, we propose:

HYPOTHESIS 3A (H3A): A total advertising effort, all else equal, is matrrelated with a user’s
rating.

In contrast to advertising, although users consanies’ ratings for their expected movie quality
similarly as advertising, critics’ ratings are camgble to user ratings. That is, critics’ ratingaym
become an easy reference for rating users. Howengcs’ ratings should not be included in usdrmg
decision queues since movie experts have gendraadtings before or at the beginning period o¥ieo
release rather than across time. The low correigtin Table 2 (0.22 between average user and critic
ratings; 0.063 between individual user ratings awerage critic ratings) may support our argumeat th
critics’ ratings are not positively or negativellated to sequentially generated user ratings. €fbis,
we propose:

HYPOTHESIS 3B (H3B): The average rating of critics, all else equal, & related with a user’'s

rating.
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2.3 Impact of User Rating on Box-Office Sales
We test the evidence of relationship between aeeuagr rating and following weekend box-office sale
This may emphasize the impact of observationahlagrin online user rating on long-term sales. timeo
words, increasing the valence of user ratings éngéirlier period of movie screening may be an agtim
strategy for movie distributors. Therefore, we:test

HYPOTHESIS 4A (H4A): Weekend box-office sales of a movie, all else edural positively
related with its prior average user rating.

HYPOTHESIS 4B (H4B): The impact of average user rating on weekend bfixeo$ales of more
relatively popular movies is greater than the ayganovies.

Since our observational learning study uses a swabg®pulation level of movies and sales in 2007
and the subset includes relatively popular moveeset on the volume of user reviews in 2007, H4B wil

further validate the importance of our main analysi
3. Data Collection

Our dataset contains movie-level characteristics@arformance, and individual online user reviewele
information. First, using software agents, we ai#d movie-level data from several public websjf=e
Table 1 for data sources) and sampled all movie=ased in theaters in 2007. In addition, the data
includes weekly advertising spending for each mdkaen Ad$pender, which is a part of TNS media
Intelligence/CMR. Second, we collected user-reviewel data from Flixster.com based on the movies
(See Table 1). All observable information of easBruwho has generated at least one movie rating fo
the movies) is downloaded from her profile pageHixster. Flixster provides the information of
friendship among users. Hence, it enables us ngttorcollect individual specific information sucs
gender, age, the number of generated ratings atmivg and profile status (the number of profilewed

by other users and membership duration) in the iteebat also to partially observe friendship netkgor
among users on the movies. We first considereththesections of our movie-level and user-leveieey
datasets. Then, for our main analysis, we selext®abset of the movies in which each movie haveemor
than 1,000 numbers of user reviews within the fisst months of the release in order to capturaugho
variations across rating users (See Table 2).

The 17 sample of the movies are relatively popolses in 2007. Although the proportion of the
sample movies is about 5% of all the movies in 2@B&y correspond to about 25% of all user reviews
for all the movies, while in theaters, in 2007 (Sesble 3). They account for about 36% of the total
weekend gross sales of all movies in our datasstleT3 provides a summary of user ratings for all
movies and the 17 sample movies. While the avenageber of user rating for the sample is five times
greater than that for all the movies, the averagk \ariation of user ratings in the sample is natyv

different. Hence, the 17 sample movie dataset gesva good subset to examine observational learning
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due to a larger number of ratings per each movit someening week. Most reviews were generated

within the first 12 weeks after the movies wereeasked as shown in Figure 3. As a result, our final

dataset for individual user level analysis cont@@gl73 individual users who reviewed and ratele@axt
one of the 17 movies (as shown in Table 4) and2B&ting observations.

Table 1. Online Users & Movies Released in 2007

Data Level Dimension

Data Sources

Movie Level

- 395 Movies in 2007

- 178,958 user ratings in
Flixster.com during showing
periods of the movies in
theaters

Movie characteristics

Weekly advertising

Weekly performance

Online Movie Reviewer Level Demographic & Online Profile

- 63,764 individuals in 2007  Friendship
Rating & Text Review

BoxOfficemojo.com / ImDb.com
Numbers.com /Metacritic.com

Ad$pender
(TNS Media Intelligence)
BoxOfficemojo.com
Flixster.com (Ratings and Reviews)
Flixster.com

Table 2. The Sample of 17 Movies and Average Usand Critic Ratings

ID Title Users Critics | ID Title Users  Critics
1 Bourne Ultimatum 8.46 8.p 10  Hairspray 8.77 8.1
2 Fantastic Four (2007) 6.95 45 11 | Am Legend 873 65
3 Harry Potter (2007) 7.99 7]1 12  Ocean's Thirteen 7.31 6.2
4 Knocked up 7.75 8.5 13 Pirates of the Caribb2an?) 8.26 5.0
5 Shrek the Third 7.00 58 14  Simpsons Movie, The 957 8.0
6 1408 7.30 6.4 15  Spider-Man 3 7.15 5.9
7 300 8.54 5.1 16  Sweeney Todd (2007) 8.38 8.3
8 Disturbia 8.06 6.2 17  Transformers 8.59 6.1
9 Ghost Rider 6.98 3.p -
Table 3. Summary Statistics for Number of Ratings ad Average Ratings in Our Data Set
Total Movie(371) Selected Movies(17) for first 16 weeks
Number of Ratings Average Rating Number of Ratings Average Rating
per movie per movie per movie per movie
Mean 431.76 7.02 2193.24 7.81
Standard Deviation 896.80 1.05 1524.10 0.63
Percentile (%)
1 1 4.24 984 6.95
5 2 5.17 993 6.97
10 4 5.57 1014 6.99
25 15 6.50 1069 7.30
50 92 7.14 1455 7.95
75 492 7.77 3694 8.38
90 1153 8.29 4252 8.56
95 1758 8.50 5028 8.62
99 6037 9.00 5546 8.74

"24 movies are removed since they have less these5reviews
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Table 4. Data Descriptive Statistics

(17 movies)

Dimension Variable Description Mean Min Max
User Level R Rating for movie 7.89 1 10
(20,473 users) GENDER Dummy for gender (Female = 0) 0.45 0 1
AGE Age 24.92 13 108
MEMFOR Membership days in Flixster 682.47 237 1286
PRFV Number of profile viewed by others 483.81 1 82895
NUMF Number of friends in Flixster 45.02 0 830
NUMRA Number of ratings in Flixster 1029.43 1 68031
NUMRE Number of text reviews in Flixster 164.73 1 5,667
CROWDRA Average prior rati_ng_ by other users for mowv&nce it 809 699 917
was released until timel
FRWOM Average prior rating by friends (6,846 obs.) 8.01 1 10
NUMFRA Number of prior friend ratings (6,846 obs.) 2.95 1 114
Movie Level CR Metacritic.com'’s average critic rating 6.13 35 85

Number of movie reviews posted on Flixster.com for

NR O : . 377.06 6 1312
moviei since it was released at tirzé

ADSPEND gc:r\ﬁ?gimg spending for movieuntil timet in 1270 4.03 22 73
TOTBOXSALES Total Gross of Box Office Sales at titie $ million 1794 930  336.53
RD MPAA Rating Dummy (Rated -R) 0.11 0 1
PGD MPAA Rating Dummy (Rated —PG) 0.72 0 1
PG-13D MPAA Rating Dummy(Rated-PG-13) 0.16 0 1
WEEKS Movie Playing Week in Theaters for movisince it 439 1 16

was released

"Since there is 8% of missing gender values in ampde individuals, we exclude the individuals ofssing gender.
However, 25% of included individuals have still téssing values of age. Therefore we imputed migsige values by
organizing the cases by patterns of missing dathaahe missing-value regressions can be condusteother individual
level variables.

3.1 Dependent Variable

The key dependent variable in our individual leaghlysis is an online user’s choice of movie rating
Besides text reviews, users usually choose oneedligfined numerical rating values to report satiséa,
recommendation, or feeling about a movie. Howetrer,fixed scale nature of user rating does noy full
represent the true degree of consumer self-regpfadback due to discretization. Therefore, a’siser
internal thresholds of rating categories act asfEutilues in her rating for continuous true evéla for

a movie. On our data, each user rating contaimsedtamp of when the rating is created. This giwves
great advantage to keep track of each user's ratogiential order across time. While the cumulative
average user rating trends of our sample movieseagesimilar to the trends on online book useinget

in Amazon.com in Li and Hitt (2008)'s study (e.gisually discernable patterns of declining andngsi
across times), weekly average user rating (non-tativa) of each movie in our sample presents an up
and down pattern across weeks, as shown in Figuiei8 not clear whether the patterns are totally
random or show any positive or negative relatiogpstdynamically. Clearly, the patterns do not previd

any rating convergence over time. However, we cammine statistically the evidence of observational
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learning in user rating with respect to herdingayétr. The average rating for the sample (17 miuies
7.81 out of 10, which is similar to the populatimeans reported by Chevalier and Mayzlin (2006) and
the sample means by Li and Hitt (2008) which wilaggregate level data on books.

3.2 Independent Variables: Quality Measures and UseCharacteristics

Our independent variables of the most interesuielobservable quality measures that a user can inf
and individual user characteristics. The valena®\atume of ratings by preceding users and frieards
the most interesting variables to identify obseoral learning. CROWDRAIS the average rating of all
others (including online friends) who have rateel $ame movie. SimilarfFRWOMis the average rating
by a corresponding user’s online friends in Flirstderefore, zer6RWOMor NUMFRA (the number of
friend ratings) indicates that a user does not I@vdriend rating for the same movie that she daoate.
While CROWDRApresents the aggregate level of other user ratwvigwut underlying information,
FRWOMgives a user the hybrid of friend rating valenod grivate information (WOM) as we described
earlier. Since only 22% of user rating observaibaveFRWOM NUMFRAIs used as an indicator of
existence of friend rating when we test our hyps#iseby using all observations. Hence, the intenacti
term, CROWDRAX NUMFRA betweenCROWDRAand NUMFRA explains how the impact of
CROWDRAchanges when a user observes her friends ratinfésplso include a user’s sequential order
(RSEQ)in a movie rating queue. For example, a udRB&Qis 1 if she is the first reviewer for a movie.
The second userRSEQis 2, and so on. To compare the effect€BROWDRAandFRWOM(directly, we
perform a separate estimation using only the 22%&mations in our sample dataset (6,845 obsenstion
in which all users have prior friend ratings.

Alternative product quality information such as keing effort, box-office sales, average critic
rating, and weekly number of reviews are includ&khting users could be already informed or
continuously exposed to some degree of quality dyedising. Therefore, cumulative advertising
spending ADSPEND is more relevant than weekly spending. Gross dftige sales for a movie
(TOTBOXSALESat a given week are used for movie performanceeily number of reviews\[R) is
included to control for a movie’s surrounding paity level at a given week. Average critic ratif@@R)
is included as one of objective quality informatidAPAA RATING Dummieare used to control for
audience restriction. However, movie dummies aifg aeed when factor loadings are estimated to see
any movie specific weight on user rating. As shainilarly in Dellarocas et al. (2006), the corraas
amongCROWDRAFRWOM andCR in our dataset are loWariance Information Factor (VIF) is less

than 3 in our models, therefore multicollineariyniot an issue.

! Correlations betweeBROWDRAandCR = 0.22, betweeFRWOMandCR = 0.09, and betweeBROWDRAand
FRWOM= 0.34 wherFRWOMis not zero.
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Our independent variable set includes several iapbvariables such as an online user’'s partial
demographic feature, online characteristics, Migjbaind partial social networks in Flixster, e.Gender
andAGE, membership duratiofMEMFOR), the number of generated ratin@JMR) and text-reviews
(NUMRB), the number of profile viewed by othe®BRFV), the number of friendsNUMF). Table 4

summarizes the independent variables.
4. Observational Learning from Other Users’ Movie Ratings

Ideally, our dependent variable would be a contisuealue of a user’s satisfaction or recommendation
about a movie. However, such observation is unabkl Instead, we consider observed user ratings in
item response approach with latent variables. Thiappropriate since in our case, rating is a sser’
decision making of choosing one among ten valuesefch movie. Latent variables can represent
continuous variables underlying observed ‘coarsemedponses such as dichotomous or ordinal
responses (Skrondal and Rabe-Hesketh 2004). Aaaserate multiple movies. Individual ratings are
nested in a movie’s playing weeks since the mavieelieased. This structure of user movie ratings ov
time creates several benefits to our study. Rivetcan manage the differences between movies. 8econ
we can explain the variability in the response afalg (rating) in terms of variability in observed
covariates and unobserved heterogeneity at indavigwel. The third level, time of movie showingake
gives us an idea about how rating behavior woulthgk over time based on a variety of movie quality
information.

Hence, our first model to estimate the impact ef¢lowd and friend ratings on user movie rating is
grounded on an ordered logistic model to relatentabbservations to user’'s ordinal response variabl
(rating category). Let the latent resporﬁé@,t be a true rating for movieby reviewerj at timet for the
error-prone observed ratifgy;; due to various noise factors that a reviewer hastlae restrictive scale of
ratings. We model the true rating &;, =X, +7Z,, +6 M, +¢,, . X is a set of individual user
specific variables such as gender, age, and optioides in FlixsterZ is a set of precedent users’ rating
information, average ratings of the crowd and filignand the volume of friend ratindd. is a set of
movie specific variables such as advertising spendnd performance. Letbe a rating category (from 1
to 10). The observed rating responses are gendrgtagplying thresholds; as follows:
1R, <K
2 ifx< R*’“ <K,

R,J,t =

10 if &, <R,
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Here we assume that, s= 1, ...,Sare the same for all moviés.

Under the assumptions that the ersgr has an extreme value distribution and the coeffits are

the same for all values sf(proportional odds assumptiprwe model the probability that ugechooses
her rating smaller than or equalgfor moviei at timet is

_ explc,— BX;—yZ;, —oM, )

1+[explc, - BX;—yZ

P(R;;<9=RR, <k)= s=1,2,...C

MO
This parallel model becomes equivalent to a seridsinary logistic regressions where rating categgor
are combined (e.g. fa= 1 category, rating value 1 is contrasted witingafrom 2 to 10; fors = 2, the
contrast is between rating 1 and 2 versus ratiognf8 to 10; and fos = 9, rating from 1 to 9 versus
rating 10. Williams 2006). Specifically, the truseu rating?*i,j,t can be written as
R, = /,GENDER+ 3, AGE+ 8, bg] MEMFOR+ S, &g] PRFY

+p;LogINUMF, ]+ #,Log[NUMRA]+ 3, Log] NUMRE]+ £, RSEQ

+7,CROWDRA, +7, CROWDRA NUMFRA+y, FRWQM 1)

+8,Log]ADSPEND,, ]+ 5,Log[ADSPEND, f +5,Log[ \R,]+J,Lod CR

+6,Log] TOTBOXSALE] +5;, MPAADUMMIESS, WEEKSs |,

We first assume thafROWDRANUMFRA FRWOMand public information about a movie may

directly affect a user’s rating response. Tablegs@nts rating distribution for the sample of 1#ies.

Table 5. User Rating Distribution for 17 movies

Frequency Percentage
1 386 1.26%
2 356 1.16%
3 526 1.72%
4 953 3.11%
5 1,435 4.69%
6 3,154 10.3%
7 4,077 13.32%
8 5,812 18.98%
9 5,172 16.89%
10 8,743 28.56%
Total 30614 100%

4.1 User Rating Behavior

The Role of User Characteristics in Movie Rating.Table 6 shows the results of ordered logistic
regression estimation using (1) for latent ratiagponse. The column of Model 1-1 in Table 6 rums th
regression based on all observations and the colimodel 1-2 is the results with individual rating
observations which have friend ratingRWOM as well alCROWDRA Therefore NUMFRAiIn Model
1-1 is an indicator whether a user has at leaspdpefriend rating.

2Rating scheme is fixed for all movies and therefeaeh threshold is homogenous in the sense thawers
choose the thresholds in the fixed values for ewesyie - equivalent parameterization (Williams 206
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Overall, males tend to generate lower ratings teamales. Younger users choose higher ratings.
More interestingly, the intensity of a user’s osliactivity in Flixster is negatively related to hating
response. For example, if a user has longer membpeataration MEMFOR) or a larger number of rating
(NUMRA or text review RUMRE history in Flixster, she is more likely to choagsdower rating (the
estimates of1, B2, Bz, Ps, andp; are negative and significant at 0.1% level in Mdbi4). In contrast, a
user’s visibility measured by the number of herfifggage viewed by other®RFV) and the number of
friends in Flixster NUMF) increases the likelihood of choosing higher @iiategories (the estimates of
B4 and PBs are positive and significant at 0.1% level in Mbdel). A later user in a movie’s rating
sequential queue tends to lower her rating (thenagt off3g< 0). The results in Model 1-2 column using
only user rating observations which has prior filieatings show the similar behavior exceptP&FV.

Table 6. Ordered Logistic Regression (1)

Model 1-1 Model 1-2
Variables
B: [GENDER] -0.535" (0.021) -0.586"" (0.046)
B, [AGE] -0.014™ (0.001) -0.011" (0.003)
B3 LOG[MEMFOR] -0.3337 (0.048)  -0.448" (0.100)
B4LOG [PRFV] 0.069” (0.001) -0.056  (0.023)
Bs LOG [NUMF] 0.1027 (0.012) 0.2777 (0.029)
Bs LOG [NUMRA] -0.0637 (0.010) -0.029  (0.021)
B, LOG [NUMRE] -0.1257 (0.009) -0.135" (0.022)
Bs[RSEQ] -0.002” (0.000) 0.000  (0.001)
71 [CROWDRA] 1.065~ (0.022) 0.766 " (0.050)
v, [CROWDRA*NUMFRA] -0.001°  (0.001) 0.000  (0.001)
v3[FRWOM] - - 0.2897 (0.015)
3, LOG[ADSPEND] -0.203" (0.055) 0.029  (0.115)
3,LOG [ADSPEND 0.053  (0.059) 0.041  (0.135)
83 LOGINR] -0.086" (0.024) -0.025 (0.047)
34[CR] -0.0647 (0.010)  -0.003  (0.021)
85 LOG[TOTBOXSALES] 0.097° (0.033) -0.023  (0.069)
36 [RD] 0.125" (0.046) 0.100  (0.107)
3; [PG13D] 0.058 (0.036) -0.006  (0.091)
33 [WEEKS] 0.006 (0.007) -0.001 (0.013)
Log-likelihood -55871.63 -12099.30
Number of obs. 30614 6845
VIF 2.75 2.52

Note. Standard errors in parenthesep<0.001,” p<0.01, p<0.05.
The estimates of thresholds (k's) omitted but asglable upon request from the authors.

The Role of Movie Specific Information in Movie Raing. é's in Table 6 are the estimated
parameters of movie specific variables. Except TRITBOXSALESnd RD (Dummy for an R-rated
movig, other movie specific variables in Model 1-1 aegatively related with a user rating. This may

indicate that the higher values of advertising sipgyy weekly number of reviews, and average critics
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rating CR) for a movie can lead a user to choose a lowangatategory. This demonstrates that a user
may be somewhat disgruntled after seeing a movienvthe movie’'s public quality measures become
greater.

Observational Learning in Movie Rating. In our model, observational learning in user movie
rating is measured by three factors (e.g. estimgseid Table 6):CROWDRAFRWOMandNUMFRA If
everything else is fixed and these variables atteogonal to the error terna;(;), in the results of Model
1-1 in Table 6, we find that a one unit changehie ¢rowd rating CROWDRA results in three times as
large the odds of choosing higher rating categdhias lower rating categories (the estimatg,sfl.065
and at 0.1% significant level)By observing a higher average user rating onlyser is more likely to
choose a higher rating than a lower rating. Theogfis positive and significant in Model 1-2 coluinn
Table 6. However, the effect is relatively smalidien a user can see at least one prior rating by he
friends (the estimate g6=0.766 and at 0.1% significant level).

Comparable Effects of Crowd and Friend RatingsIn contrast to the effect of average user rating,
we find that the comparable effect of friend ratberomes much smaller. Estimateyaindysin Model
1-2 in Table 6 are positive and significant (thd¢ireates are 0.766 and 0.289 respectively at 0.1%
significant level). The estimates are directly camgble since the scales GROWDRAandFRWOMare
the same. The difference is mainly attributed tdrisic social interactions embedded in ratingothers,
as described earlier. Furthermore, the volume iehd ratings NUMFRA that a user can observe
moderates the effect of crowd rating in Model xITable 6 NUMFRARot only indicates the presence of
friend rating but also measures the amount. Thezethe estimate of; (-0.001 and significant at 5%
level) in Model 1-1 in Table 6 shows that herdirgdhavior becomes weaker with respect to the voluime o
friend ratings. This is the evidence of moderatififgct by social interactions when we consider cato
network among users within a movie boundary. Fatance, NUMFRA is an in-degree measure
(Wasserman and Faust 2007) for a weénin a movie’s social network in our study.

In contrast, a user's total number of frich@UMF) in Flixster has a positive effect on her rating
response consistently across different models iraaalysis (e.g., the estimate;3£0.102 in Model 1-1
and 0.277 in Model 2-1 at 0.1% significant leveldaimilar results can be observed without thel{edhra
line assumption). The result still holds when wst tdhe models again including the interaction term
betweenCROWDRAand NUMF. Hence, visibility and social interactions of usén a movie specific

social network demonstrate different roles in teahebservational learning in our study.

% The effect over movie running weeks is almostsime and highly significant when we run the mod#hiw each
movie screening week.

* NUMF is a proxy for a user's degree centrality in thgire social network in Flixster whil&NUMFRA is
considered as in-degree measure in a sub-netwoekdpecific movie in Flixster.
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Varying Effects of Independent Variables.We re-estimated the models using generalized cddere
logistic regression, which relaxes the parallek liassumption of ordered logistic regression model.
Therefore, it allows the parameters to vary acemydp rating categories by a series of binary kgis
regressions. Brant teltindicates that some user characteristic variabietate the parallel line
assumption. The strongest negative effects of gerde and membership duration are found with the
most extreme review attitude. In other words, nml@female’s) negative (positive) rating attitudes
become greater when they contrast the rating vadaksv 9 with above 9 (or 1 with above 1). However,
the strongest negative effect of rating historfoisnd in the extremely positive rating attitude.

The effect ofCR becomes positive or negative depending on rataiggories (See Figure 4). For
example, a highe€R leads a user to choose lower rating when she asistextremely positive rating
with other ratings (e.g., contrasting above 9 viighow 9, 1 to 8 versus 9 and 10, and 1 to 9 vetfj)s
However, there is a positive effect GR when a user contrasts extremely negative ratirty wiher
ratings (e.g., contrasting 1 with above 10). Figugepicts how the effect changes according tadtieg
categories (therefore, H3A and H3B are not suppdrte
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Figure 4. Varying Effects of Critic Rating on UserRating

®> Non-parallel line assumption fit the models inartb verify the effects of the variables are difat across rating
categories in our models. Therefore, it also tekether there is excess variability between ratintegories
(Williams 2006)

® After testing parallel line assumption using t#é Evel of significance, we find that the estimatebfficients of
GENDER AGE, MEMFOR NUMRA andNUMREVvary between rating categories. The testing resuitl estimates
for these variables are omitted to save spacerbud\ailable from the authors upon request.
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The estimated parameters gfandys under non-parallel line assumption are shown gufg 5
graphically. The effect of crowd rating becomesrsgier when a user contrasts rating values in extgem
favorable rating categories. Hence, a higher awetesgr rating may drive a subsequent user to cteose
higher rating category even more strongly when @drasts ratings in a positive value range such as
from 8 to 10. In Table 7, the moderating effeg} by social interactions becomes only significahiew
a user contrast relatively neutral rating valueg.(eating 6 and 7). Therefore, the effect may w@h
which rating categories a user contrasts even thdhg overall effect is negative in Table 6. Also,
generalized ordered logistic regression fits thede® better according to the improved log-likelidoo
from Table 6 to Table 7.
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Figure 5. Varying Effects of CROWDRA and FRWOM on User Rating

4.2. Heterogeneity and Self-Perceived Quality

One major issue in our estimation is the unobsemvididual heterogeneity. Individuals differ froeach
other in many aspects. Their ways of thinking, espmg, and participating in generating reviews ld/ou
be attributed to their own tastes and preferen8eme relevant variables in the user level may mot b
observed and this leads to unobserved heterogeM¥ithout considering this, explaining online user
rating behavior on other factors can be biasednaisttading. Hence, the latent feature of response a
hypothetical development of unobserved variableshsas individual self-perceived quality and

heterogeneity using latent variables attempts tlvess$ this issue.
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Table 7. Generalized Ordered Logistic Regression dflodel (1)

Model 1-1 Model 1-2
Rating 1
71 [CROWDRA] 0.589" (0.092) -0.186 (0.233)
y.[CROWDRA*NUMFRA] 0.008  (0.005) 0.011  (0.008)
v3[FRWOM] - - 0.284" (0.015)
Rating 2
71 [CROWDRA] 0.648" (0.068) -0.243 (0.166)
y.[CROWDRA*NUMFRA] 0.005  (0.003) 0.003  (0.004)
v3[FRWOM] - - 0.284" (0.015)
Rating 3
v:[CROWDRA] 0.763" (0.054) 0.160 (0.122)
y,[CROWDRA*NUMFRA] 0.002  (0.002) 0.002  (0.002)
v 3[FRWOM] - - 0.284" (0.015)
Rating 4
v1 [CROWDRA] 0.835  (0.043) 0.407" (0.093)
y.[CROWDRA*NUMFRA] -0.001  (0.001) -0.002 (0.001)
v3[FRWOM] - - 0.284" (0.015)
Rating 5
71 [CROWDRA] 0.908" (0.035) 0.550° (0.076)
y.[CROWDRA*NUMFRA] -0.001  (0.001) -0.001 (0.001)
v3[FRWOM] - - 0.284" (0.015)
Rating 6
v:[CROWDRA] 0.984" (0.029) 0.688" (0.063)
v, [CROWDRA*NUMFRA] -0.002" (0.001) -0.002 (0.001)
v 3[FRWOM] - - 0.284" (0.015)
Rating 7
v1 [CROWDRA] 1.038" (0.026) 0.740° (0.057)
v,[CROWDRA*NUMFRA]  -0.002™ (0.005) -0.002 (0.001)
v3[FRWOM] - - 0.284" (0.015)
Rating 8
71 [CROWDRA] 1.132" (0.025) 0.887 (0.058)
y.[CROWDRA*NUMFRA] 0.000  (0.001) 0.001 (0.001)
v3[FRWOM] - - 0.284" (0.015)
Rating 9
v:[CROWDRA] 1.098" (0.028) 0.808" (0.065)
y,[CROWDRA*NUMFRA] -0.001  (0.001) 0.000 (0.001)
v 3 [FRWOM] - - 0.284" (0.015)
Number of Obs. 30614 6845
Log-Likelihood -55528.26 -11955.07
Note.

Standard errors in parentheses. ***p<0.001, *p40.1p<0.05. VIF = 2.75
All other estimates omitted but are available upsgquest from the authors.

Since causal processes operate at the individual hnd not the aggregate level of user ratirigs, i
follows that investigation of causality requireglividual-specific effects (Rabe-Hesketh et al. 204
From (1) with the assumption of direct impact di@tusers’ ratings, we include two random intersegt

explain individual heterogeneity and time relatediation. This yields a model with three differémtels
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of movie, individual user, and time component. Hfi@re uselj’s rating response for moviein movie
screening week t is modeled as:

Ric=BX+rZ; +M, +{P+{P 44, (2)
where Z)j is an individual-level random intercepf’; is a movie screening week specific random
intercept, and;, has a logistic distribution. We further assuiit~ N(0,»?) andZ®, ~ N(0,®).

As mentioned earlier, we can only observe reviesvating in a fixed scale and therefore observed
rating, R ;;, are generated by the threshold model, and weresshatx s (s= 1, ...,10) are the same for
all movies’ We implement generalized linear latent variable atixed models (GLLAMMj to estimate
our parameters. This allows maximizing the liketidmf the conditional density of the response \deia
given the latent and explanatory variables with phier density of the latent variables with adaetiv
guadrature (see the appendix for detailed estimatiocedure).

Table 8. Regression Results for the Variances of Rdom Intercepts

Single Level Two Level Three Level
Parameters Est. (SE) Est. (SE) Est. (SE)
User-level
y®@ - - 2.356"  (0.104) 2.355°  (0.214)
Time-level
y® - - - - 0.004  (0.003)
Thresholds
K1 -4.467 (0.057) -5.640  (0.074) -5.625  (0.114)
K2 -3.799  (0.044) -4.917  (0.063) -4.894  (0.102)
K3 -3.241  (0.037) -4.292 (0.056) -4.259 (0.092)
K4 -2.637 (0.032) -3.589 (0.050) -3.542 (0.081)
Ks -2.070 (0.030) -2.899 (0.045) -2.836 (0.070)
Kg -1.287 (0.027) -1.894 (0.040) -1.810 (0.055)
K7 -0.582  (0.026) -0.945 (0.036) -0.843 (0.044)
Kg 0.266 (0.026) 0.232 (0.034) 0.346 (0.040)
Ko 1.062 (0.027) 1.341  (0.036) 1.457  (0.050)
Log-Likelihood -56679.912 -55768.037 -56513.934

Note. Standard errors in parenthesep<0.001,” p<0.01, p<0.05.
All other estimates omitted but are available upsguest from the authors
Empirical Evidence of Unobserved Heterogeneityln order to verify the unobserved heterogeneity
in each level, between users and between weeks, fie estimate the variances of random interoafpts
users and weeks? andy® respectively with a simpler model (2) which oigludes the interaction
terms of movie dummies andROWDRA Table 8 shows the results of three different gjpations.

Single-level represents a single-level ordinal oese model without any random effect; two-level

" Rating scheme is fixed for all movies and therefeach threshold is homogenous in the sense $kas sthoose
the thresholds in fixed values for every movie.

8 GLLAMMSs are a class of multilevel latent variabteodels for (multivariate) responses of mixed typeliding
continuous responses, counts, duration/surviva,dhthotomous, ordered and unordered categogsabinses and
rankings (see Skrondal and Rabe-Hesketh 2004).
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includes only user specific random intercept; dndd-level contains both random intercepts of uaeds
time component. In addition to the variances edthdor the clusters, the estimates of 9 cut-points
..., Kg, appear at the bottom of Table 8.

Table 9. Generalized Latent Linear Mixed Regressioif2)

Model 2-1 Model 2-2
Variables
B: [GENDER] -0.649” (0.021) -0.732" (0.046)
B, [AGE] -0.020” (0.001) -0.021" (0.003)
B3 LOG[MEMFOR] -0.350° (0.048) -0.527" (0.100)
B4LOG [PRFV] 0.123" (0.001) 0.009 (0.023)
BsLOG [NUMF] 0.105° (0.012) 0.317" (0.029)
Bs LOG [NUMRA] -0.0997 (0.010) -0.083  (0.021)
B; LOG [NUMRE] -0.1407 (0.009) -0.1927 (0.022)
Bs[RSEQ] -0.003” (0.000) -0.002  (0.001)
v{[CROWDRA] 1.386" (0.022) 1.050 (0.050)
72 [CROWDRA*NUMFRA] -0.001  (0.001) 0.000 (0.001)
v3[FRWOM] - - 0.318" (0.015)
8, LOG[ADSPEND] -0.2477 (0.055) 0.000 (0.115)
8,LOG [ADSPEND] 0.079 (0.059) 0.053 (0.135)
83 LOGINR] -0.093" (0.024) -0.010 (0.047)
34[CR] -0.0797 (0.010) 0.001  (0.021)
35 LOG[TOTBOXSALES] 0.1437 (0.033) 0.043  (0.069)
3¢ [RD] 0.235" (0.046) 0.234 (0.107)
3, [PG13D] 0.097 (0.036) 0.007  (0.091)
85 [WEEKS] 0.012 (0.007) 0.001 (0.013)
Variance (/®) 0.701" (0.158) 0.634  (0.326)
Factor Loadings
M[Moviel] 1 1 (Fixed)
A [Movie2] 1.4447 (0.183) 2.001" (0.546)
As[Movie3] 1.5327 (0.181) 1.618" (0.432)
A[Movie4] 1.259" (0.188) 0.832" (0.350)
As[Movie5] 1.4807 (0.187) 1.6227 (0.477)
Ae[Movie6] 1.265° (0.182) 1.354" (0.412)
A[Movie7] 2.0637 (0.241) 2.3237 (0.612)
Ag[Movie8] 2.026" (0.257) 2.379° (0.692)
Ao[Movie9] 22177 (0.268) 2613 (0.724)
A[Moviel0] 1.9127 (0.255) 1.769" (0.566)
Aa[Moviell] 1.246" (0.161) 1.444" (0.396)
A[Moviel2] 1.1917 (0.171) 0.551  (0.285)
Ms[Moviel13] 2.060° (0.234) 2.362" (0.614)
A Moviel4] 1.4547 (0.184) 1.6237 (0.446)
M[Moviel5] 1.8477 (0.211) 2.215° (0.576)
Ae[Moviel16] 1.3177 (0.192) 1.4027 (0.422)
M [Moviel7] 2.010° (0.234) 2.529" (0.653)
Log-likelihood -55060.10 -11835.80
Number of obs. 30614 6845

Note. Standard errors in parentheseg<0.001,” p<0.01, p<0.05.;p<0.1
The estimates of thresholdsq) omitted but are available upon request from the
authors.
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The two-level model shows the unobserved heterdgenetween users with a variance estimated as
2.356 which is significant at 0.1% level. Furthermahe log-likelihood of the two-level model inases
from the single-level. However, the estimated war@acomponent for time is nearly zero and does not
appear to be significant in three-level specifimafiand the log-likelihood of this specification dezses.
Therefore, we conclude that we should consideruth@bserved heterogeneity in users in our further
estimation but the random effect of time componeart be ignorable. Nevertheless, we keep a time
variable WEEKS in the models in order to keep track of the dieftect of movie screening week.

Hence, our model (2) accounting for the user |&eg¢érogeneity becomes

R*,j,t =X +r4; +oM, +;Fé](2)+<?j,t,
and we add factor loading;Y to account for movie specific difference in rgtiresponse as well. Table 9
reports the estimation results of two different cfieations. Both models in Table 9 fit significant
better than the corresponding single level modelBable 6 based on log-likelihood. The varianceisdr
specific random intercept is significant in bothdats in Table 9 (the estimate pf’ = 0.701 at 0.1%
significant level in Model 2-1 and 0.634 in ModeRat 10% significant level).

The results in Table 9 are consistent with thos€ahle 8 with respect to the signs. In additior, th
estimated factor loadindsreport users’ relative weight on a specific moinerating response. For
example, Movie 9Ghost Ridey has the greatest factor loading)( Interestingly, this movie is the lowest
rated movie by critics among our sample moviesalh be observed that the factor loading becomes
relatively greater as the gap between averageraseg and critics rating increases in Table 2. sTihay
explain users’ opposite reaction in rating respadwseritic rating for some movies. We find a streng
effect of CROWDRAthanFRWOMon user rating, similarly as before. However, thederating effect
(CROWDRAXx NUMFRA becomes insignificant in the column of Model 24id we examine this again
after accounting for other issues.

Self-Perceived Quality.A user'sself-perceived quality after watching a movie canp® observed
but may be influenced by others’ online opinionisic8 the perceived quality can be related to ustimg

response, we construct a hypothetical variablaétfrperceived quality of usgin (2):
R*,j,t =/3X]. +5Mt +;f7l(12) +é&, (3)
where 77{? is usel’s self-perceived quality famoviei at timet and /4 is a factor loading for movig and

it can be modeled as a structural equation as,

77i(,21) =yZ it T é/j(Z) (3.1)

° We also re-run model (2) in Table 8 using differeariable sets and the results are not signifigatifferent.
9 The scale of the factor is identified through toastraint that the first factor loadink) equals 1.
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Wheredz),- is an individual level random intercept ang, £ontains social influence variabl€&ROWDRA
FRWOM and NUMFRA Hence, we examine how ratings by others affeerdisrating responses
indirectly. The estimation procedure is the same as th&)p&d the results are reported in Table 9-1.

This model assumes that others’ ratings affectlesesguent users’ rating only through the latent

perceived quality}f’, i.e., the effect BEROWDRA0ON the movie is to increase the latent rating response

by 0.482%,, and the effect t€EROWDRAx NUMFRAIs to reduce by-0.001*0.482%;, in Model 3-1 of
Table 9-1. Hence, the herding behavior and modwyatffect by the volume of friend ratings still dol
when we assume that observational learning andalsatferactions indirectly affect a user’ rating
response through unobserved factors such as usmriyel quality. The effects vary according to dact
loading ¢;). In Model 3-2 of Table 9-1, we can compare disetiie effects of two types of observational
ratings by others GROWDRAand FRWOM for only those who have both observational sairce
Interestingly, the relative effect 6HRWOMbecomes greater th@@ROWDRAeven though both effects
are still positive and significant. Therefore, wenclude that users may weigh more ERWOM than
CROWDRAwhen they update their private quality measureishvimdirectly affect their rating responses.
Table 9-1. GLLAMM with a Structural Eq. for Perceiv ed Quality (3)

Model 3-1 Model 3-2
. CROWDRA
Variables CROWDRA *NUMERA CROWDRA FRWOM
Indirect Effect A Y1 A Y1 Aix Y1 A 11
Moviel 0.482 -0.001 0.121 0.243
Movie2 0.565 -0.002 0.152 0.306
Movie3 0.539 -0.002 0.139 0.279
Movie3 0.386 -0.001 0.089 0.178
Movie3 0.487 -0.001 0.115 0.230
Movie3 0.467 -0.001 0.118 0.236
Movie7 0.723 -0.002 0.197 0.396
Movie8 0.542 -0.002 0.152 0.304
Movie9 0.695 -0.002 0.174 0.349
Moviel0 0.469 -0.001 0.141 0.283
Moviell 0.498 -0.001 0.125 0.250
Moviel2 0.518 -0.002 0.131 0.263
Moviel3 0.727 -0.002 0.196 0.394
Moviel4d 0.462 -0.001 0.114 0.229
Moviel5 0.567 -0.002 0.146 0.294
Moviel6 0.427 -0.001 0.100 0.200
Moviel7 0.672 -0.002 0.187 0.375
Variance (%) 1.392 1.441
Log-likelihood -55075.90 -11848.60
Number of obs. 30614 6845

Note. All estimates are significant at less thanl&%&l.
All other estimates omitted but are available upsguest from the authors.
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4.3. Reflection Problem

The other key issue in studies attempting to idgiitie effect of social influence is the reflectiproblem
(Manski 1993). The reflection problem in our contesould mean that users choose similar ratingsafor
movie not because of the influence of observinge®hrating outcomes but that she is in the same
reference group with others. Users tend to behawdasly because they are alike or face a common
environment. Thus, the relationship between obsemnal learning and individual rating outcome could
be spurious. The parameter estimates for obsenatiearning variables are biased by endogeneity
stemming from this problem.

Following Bramoullé et al (2009) in which they seggthe ways by which the true effect of social
influence can be identified by accounting for tkdlaction problem, we first introduce unobservable
variables common to the individuals that belonghe same social network structure for a movie. A
network specific unobservable, captures unobserved variables that have comnfentgfon the rating
outcomes of all users within movils specific network (e.g., individuals’ similar feeences of watching

and reviewing the movie). Then, userj's rating response model becomes

Ri=a+BX, +r4; +6 M +¢, . The other usei—1 has a same rating equation if she belongs to the
same social network for movie explicitly, R, , = + X, ,+7Z; ;+5 M, _,+¢; ;. Differencing
these two equations gives:

AR =BAX; +AZ; +AM; +Ag, , (4)
whereAy, ; =y, -y, ,, fory =X, Z, M Now, network fixed effectsa() potentially correlated with

observational influence variableg) (is cancelled out. Therefore, the model generatesnal conditions

that ensure identification of social effects intepof serial correlation oA ; (Bramoullé et al. 2009).

However, the differencing also excludes movie dpeeariable setM, due to multicollinearity and time-
invariance. After we ploAR;, it appears normally distributed.

We run (4) by OLS for model specification (1), GLMAfor model specification (2), and GLLAM
for model specification (3) angs are estimated in Table 10 with other parametEng. column of OLS
(1) in Model 4-1 in Table 10 reports the results of @itial model (1). The effect ctEROWDRA
becomes slightly smaller than that in previous yses but is still significant. The moderating effeg
social interactions GROWDRAx NUMFRA becomes greater after accounting for potentialvieno
specific homophily. All other estimates remain theme except the effect RESQwhich becomes

insignificant. Similarly, the previous results ftie effects of individual specific variables hold i

'We have run a Tobit model with censoring minimund anaximum outcomes (e.g., -9 and 9). The resués a
qualitatively similar.
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GLLAM (2) and (3) in Model 4-1 in Table 10. The eat moderation effecty,, in GLLAM (2) is
significant after accounting for individual heteeogity. The indirect effect @ROWDRAstill exists but
the magnitude decreases greatly, and the indifesattesf CROWDRA NUMFRAbecomes insignificant
in GLLAM (3).

Most results of Model 4-2, reported in Table 1@& aery similar to those of previous analyses. This
suggests that the impact of crowd rating is gretiten friend rating in terms of observational Iéagn
However, the overall effect €§ROWDRAonN the ratings by users who have at least onadmating is
less than those who have no friend rating. Theeeftile presence of friend rating always moderates
herding behavior in online user rating. Interedtinghe indirect effect of crowd rating becomes
insignificant and only friend rating indirectly efft a user’'s rating decision. This might explaiatth

individual perceived quality may increase if heéefids like the same movie.
5. Empirical Evidence: Impact of User Rating on Movwe Performance

We next investigate whether time varying online rage user ratingQROWDRA is correlated to
subsequent weekend box-office saldKSALE$ H4A and H4B. It is critical in our study to finithe
theory of positive impact of user rating on constsh@urchasing decisions still holds in the movie
market. That is, consumers can compensate forlpgpdsiased user ratings by observational learning t
make rational purchase decisions. Therefore, owulremay support the finding that strategic
manipulation of user ratings (Dellarocas 2006)emts of herding behavior in online user rating rbay
optimal for firms.

Our approach is based on prior work (e.g., Chevaligl Mayzlin 2006, Li and Hitt 2008), except
that we consider population, rather than samplessat movies in 2007. Importantly, movie tickeicer
is usually fixed and its temporal impact on salas be ruled out in our pooled multiple movté©ur
direct measure of weekly advertising spending dmgsieed to proxy ongoing promotions of movies. To
account for possible nonlinear relationship of atising, we add its square tern/éeklyADSPEN).
We control for weekly number of reviewsllR) which may capture other idiosyncratic aspectmofie
demand not otherwise covered in our model. Relgtiedormance and competition of a movie in its
market can be captured by public ranking informai@ANK) in that week oW WKSALESWe include a
time-trend variableWEEKS which captures the number of weeks since reléasensure that we are not
confounding our temporal review measure with a &ntime trend. Table 11 provides the description of

our measures in sales model.

2 However,u; captures any movie fixed effects potentially ctaed with average user rating and the number of
weekly reviews in our sales model (5).
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Table 10. Network Fixed Effect Estimation

Model 4-1 Model 4-2
Variables OLS(1) GLLAM(2) GLLAM(3) OLS(1) GLLAMM (2) GLLAM(3)
B:[AGENDER] -0.516" (0.023) -0.495  (0.023) -0.496" (0.024) -0.563" (0.045) -0.535" (0.046) -0.531" (0.046)
B, [AAGE] -0.014™ (0.001) -0.015" (0.001) -0.015" (0.001) -0.008" (0.002) -0.011" (0.002) -0.010" (0.002)
B3 ALOG[MEMFOR] -0.267" (0.052) -0.262" (0.052) -0.253" (0.053) -0.346" (0.099) -0.359” (0.099) -0.355  (0.100)
B4 ALOG [PRFV] 0.071" (0.011) 0.070° (0.011) 0.073" (0.011) -0.046  (0.022) -0.032 (0.023) -0.033 (0.023)
Bs ALOG [NUMF] 0.1167 (0.013) 0.108" (0.013) 0.107" (0.014) 0.224" (0.028) 0.210" (0.029) 0.220" (0.029)
Bs ALOG [NUMRA] -0.067" (0.011) -0.060  (0.011) -0.060" (0.011) 0.015 (0.021) 0.004 (0.021) 0.007  (0.021)
B, ALOG [NUMRE] -0.104” (0.010) -0.103" (0.010) -0.105" (0.010) -0.128" (0.022) -0.128" (0.022) -0.130" (0.022)
Bs A [RSEQ] -0.000  (0.001) -0.001 (0.001) -0.001 (0.001) 0.000 (0.001) 0.000 (0.001) 0.000  (0.001)
v1A[CROWDRA] 0.912° (0.124) 0.868 (0.091) - 0.408 (0.194) 0512 (0.261) -
v, AICROWDRA*NUMFRA]  -0.002™ (0.001) -0.002" (0.001) - -0.000 (0.001) 0.000 (0.038) -
v3 AFRWOM] - - - 0.267" (0.014) 0.250° (0.014) -
Structural Model
v1 A[ICROWDRA] - - 0.170°  (0.087) - - 0.230 (0.158)
v,A[CROWDRA*NUMFRA] - - -0.001  (0.000) - - -0.000  (0.045)
ysA[FRWOM] - - - - - 0.144" (0.048)
Variance
y® - 6.109" (0.072) 6.106  (0.072) - 4.994" (0.121) 4.988" (0.122)
y? - 0.045  (0.054) 0.049" (0.058) - 0.126  (0.193) 0.399 (0.264)
Number of obs. 30583 30583 30583 6827 6827 6827
Log-Likelihood - -73551.55 -73553.61 - -15804.75 -15803.89
R-Squared 0.043 - - 0.116 - -

Note. Sandard errors in parenthes’té-;sp<0.001,’H p<0.01, p<0.05.p<0.10
All movie specific variables are dropped after @ifincing. The estimates of factor loadings andstiolels omitted and are available upon request thenauthors
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Overall, this yields the following estimating egoat
LogfWKSALES] = i + 7, + 7, CROWDRA 7, llog ,NR

+6,[WeeklyADSPEND + 6] WeekIyADSPEI;]E) (5)

+0;RANK +0,WEEKS + ¢,
Our sales model is estimated first using the weelsales dataset of all movies (269 movies) in 2007
which had at least two screening weeks in theadexd observed advertising spending information.
Second, we run the same model for the sample ahdvies which were used to test observational
learning in the previous section. The pooled meetconsists of 2,385 observations for 269 mounes a
the sampled movie set has 256 observations for dvie® (See Table 11); both datasets, therefore, are
unbalanced panel data. After checking for poterralogeneity stemming from the fixed effeqts by
Hausman specification tesg Gtatistic = 42.80, degree of freedom = 6, and P3@),0ve run model (5)
by fixed effect estimation. This estimation is insitive to the problems of having inadequate cdsitiar
time-invariant difference across movies. Howeven, testing result for heteroskedasticity using Wald
test rejects the constant variance assumptioneimrbdel ¢*statistic = 310.75, degree of freedom= 269,
and p<0.000). To fix this, we have computed rolatahdard errors to control for heteroskedastigity i
fixed effect estimation.

Table 11. Description of Our Measures Used in Salégodel
All movies 17 movies
Measures Description Mean Min Max Mean Min Max

WKSALES,, ~ Weekend sales for movieat 23.78 0.001 1511.17 81.02 006 1511.17
timet in $thousand

CROWDRA,; Average rating of all reviews

posted for movié since it was 7.55 2 10 7.92 6.99 9.06
release until timé
NR; Number of movie reviews
posted on Flixster.com for 28.30 1 1608  136.50 5 1608
moviei since it was released at
timet
Weekly Weekly advertising spending for
ADSPEND, moviei at timet in $million 0.34 0 7.14 0.5 0 6.20
RANK; Numb_er of weeks for movie 36.80 1 138 20.56 1 90
since it was released
WEEKS; movie i's screening week 8.30 1 44 8.95 1 22

The estimates in Fixed Effect columns for both skei® in Table 12 are consistent with our
expectation. However, the estimate @ROWDRAIn our sample movies dataset becomes insignificant
We have checked for serial correlation using LageaRlultiplier test and found that our datasets have
first-order autocorrelation (F(1, 195) = 496.960@300). To fix this, we use first-differencing appch

and this changes our sales model as:
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ALOQ[WKSALES] =7, +7,A CROWDRA-7,A Log NR
+0,A[WeeklyADSPEND + 6,4 WeekIyADSPEI;]E) (5-1)
+0,ARANK , +Ag,
where ALOgJWKSALES] = Ldg WKSALEJS- [og WKSALESand other variables are generated in

the same mannétThen, the results by ordinary least square estimatf (5-1), as presented in Table 12,
are unbiased and efficient after accounting fopa#isible estimation issues described above.
Table 12. Fixed Effect and First Differencing estirations of Weekend Box Office Sales Model

All Movies (269) Sample Movies (17)

Dependent Variable Fixed Effect Di First . Fixed Effect . First .

ifferencing Differencing
LOG[WKSALES, ]
Variable
m,CROWDRA,; 0.199” (0.060) 0.185 (0.074) 0.430 (0.590 0.959  (0.406)
1,LOG[NR; ] 0.291" (0.015) 0.096 (0.015) 0.157 (0.060) 0.118 (0.049)
0,[WeeklyADSPEND]  0.786" (0.031) 0.357" (0.032) 0.657" (0.091) 0.302° (0.057)
0,[WeeklyADSPEND]?> -0.110" (0.008) -0.038" (0.008) -0.078 (0.022) -0.025  (0.009)
0;RANK; -0.061" (0.001) -0.061" (0.001) -0.058" (0.007) -0.054" (0.007)
0,WEEKS; -0.043"  (0.003) - -0.123 (0.026) -
o 1.172° (0.456) -0.118" (0.021) 0.377 (4.582) -0.170 (0.037)
Number of Obs. 2385 2116 256 239
R%-overall 0.9506 0.7429 0.9580 0.531
Auto Correlation Test F(1, 195) =496.96  F(1, 184).589 F(1, 195) = 24.89 F(1, 184) = 2.097
Hausman Test ¥4(6) = 42.80 - ¥? (6) =10.17 -
Heteroskedasticity Test  ¢%(269) = 310.75 - ¥? (17) = 123.20 -
VIF 2.73 2.20 5.04 1.99

Note. Robust Standard Errors in parenthege).05, p<0.01,  p<0.001

On average, weekend box-office sales decreasesR#itiiK and WEEKS,and increases with the
number of reviewgNR) and advertisingweeklyADSPENP Consistent with prior work on online book
sales (Chevalier and Mayzlin 2006, Li and Hitt 2)0&8verage user ratindCROWDRA is positively
correlated with salest{=0.185, p<0.05). This supports H4A of the positiv@act of user rating on
weekend box-office sales (H4B is supported for papunovie sets as well in Table 12,=0.959,
p<0.05). For example, a 0.5 (in a 1 to 10 scaleeiase in average user rating can increase wediend
office sale by 10%, which is close to the resultbmok sales in Amazon.com (Li and Hitt 2008). More
interestingly, a 0.5 increase RWODRAIs equal to the effect of $0.12 million increaseweekly
advertising spending to increase weekend box-offimles by 10%. The effect of average user rating

becomes even greater with popular movies. A 0.&ease in average user rating increases the sa@&2%y

13 WEEKSis dropped since the lag difference creaté¢EEKS=1 for all observations.
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and is equivalent to $1.6 million increase in wgekdivertising. The sample movies generate a relgtiv
large amount of user reviews (see Table 3) andcattnuch more advertising budget than average rmovie
(e.g., average ad spending after release is $1mfbr the sample movies and $7.5 for all movies
2007). Hence, average user ratings in popular reaaie relatively harder to increase across weelts an
therefore the relative impact of user rating is mggeater on the box office performance of popular
movies.

Hence, by supporting H4A and H4B, our results ofevlational learning in user rating are very
significant to firms. If a movie begins to generhigher user ratings in its beginning period okestiing
in theaters, its average user rating is more likkelynove towards positive direction rather thanatieg
direction by herding behavior of user ratings. Guopuently, this will positively impact long term box

office sales.
6. Conclusion and Discussion

This paper studies how online user rating is gaadraased on observational learning from othetsiga
decisions and product information. Existing reskahas focused on the relationship between user
reviews and sales. However, understanding the Isdoiers of a user’s rating can help managerial
practices such as tailored marketing strategy ahabte design of recommender system.

Our analysis suggests that observational learningthers’ ratings can trigger herding behavior
when a subsequent generates movie rating. Conghgumggregate level of consumer-generated product
rating information (e.g., average user rating) maybe an unbiased indication of unobserved quélity
and Hitt 2008). The herding behavior can evolvatpety or negatively since the probability thatiger
choose a high or low rating depends on the valefigerior user reviews. Based on our sales model
analysis, positive herding in online user moviengatwill increase box office sales, while negative
herding may hurts sales. Our analysis shows arvalguit effect of average user rating to advertising
spending. Thus, firms can benefit by tailoring thmiarketing strategies more effectively to takenint
account this consumer behavior in generating oménews.

On the other hand, the presence of observatiorahiley in online user rating lowers quality
information created by users since each user ratmgd be associated with some degree of bias @ue t
herding behavior. From theory of informational s (Banerjee 1992, Bikhchandani et al. 1992,)1998
and our empirical results, we can provide the wayisvesting to alleviate this bias to review sysseor
recommend system designers to increase the integfrijuality information created by users online.
When users generate reviews, minimizing influencadpgregate information such as average user rating
or any numerical summary can be conducive to irserequality of online user reviews. Second,
maximizing the opportunity for users to share thpoduct experiences can moderate herding behavior.

However, information overloads and online anonymitake information flow difficult. Hence,
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increasing social interactions among online frienda be an effective solution to flow private gtyali
smoothly in a large-scale consumer network. Inéngathe visibility of friend recommendation is ahet
effective way to prevent this bias in online useviews since our result shows that friend ratintess
influenced in terms of observational learning ierusting decision.

This study can be extended in a few directionadfcan capture private information along with user
ratings, we would be able to fully explain how usatings deviate from each other and the underlying
reason for that in population and socially locadugps. Hence, one possible extension to this papter i
include private information from text review to tteghether its role is different with discrete ratim
recommendation system. Second, most recommendensysise both numerical rating and text review
together at one unit review level. Some peopleengiterall positive attitude for products in textiesvs
while generating relatively lower product ratingsvice versa. This discrepancy between text re\daad
rating may be attributed to not only individual$fferent preferences and but also the influencetbér
reviews or public product quality information. Howee, it is not clear how these two review devices a
different in terms of the informativeness of prodgeoality and to what extent each of them affects
consumer behavior with respect to generating ontagews and product performance. Finally, our
model can be extended to examine the influencenbifi@ user rating on the DVD market in order to

account for the long tail phenomenon (Anderson 200énovies.
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Appendix. GLLAM Estimation Procedure

We follow, mostly, the estimation techniques ddsmdi in Rabe-Hesketh et al. (2004a) and their
Generalized Linear Latent and Mixed Models (GLLAMM)ogram in STATA (2004b). When latent
variables are treated as random and parameteiseds the inference is usually based on the matgina
likelihood — the likelihood of the data given tladnt variables integrated over the latent distidlou The
models in GLLAMM include latent or unobserved vaies represented by the elements of a vegtor
and can be interpretable as random effects. Intiaddthe model is hierarchical to describe theitjms

of a unit of observation. In our case, level-1 isvim units are nested in level-2 units which arénen
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users:* We next explain the GLLAMM estimation proceduredatails for Equation (2) in which we
assume the random intercept as self-perceivedtguhblit the same procedure can be applied to other

equations with or without the structural equation.

In our model (2), latent true users rating can beittem as R, =v +4,,, where
Vi =X B+A 5+4n? where theS observed user rating categorigs s=1,...,Sare generated by

applying thresholds, s=1,...,.5- 1to R, as follows in our case

a if R*,jt <Ky

a, Iif K1<R’jt <K,

R,jx =
ag if xy< Ri*'j’t

where the thresholds, do not vary between movies. If the cumulative dgrfanction of ¢, ., is F , the

it
cumulative probabilityr that the response takes on any value up to anddimg) a, (conditional on the
latent and observed explanatory variables) is
r.=P(R, <al XA, n17)= Fig—vi; ) s=1..¢
where kx; =—00 and kg =% . The probability of the-th response category is simply then
FRyu=alX, A aP)= PR, = &)= Ro< Ro<k)= Ro—vi)- Roo-v,)
We can equivalently write the conditional distriloat of user ratings as a cumulative model
g(P(R;, < @) =x,—Vij,
where g = F* is the link function.
Then, the model is specified via a family and & fanction. If the errog;;; of the latent ratinge*i,j,t
is assumed to have a logistic distribution,

_ explc, — Viit )
1+ expl, — Vit )

PF(R,” <a)= Pr(F{jr <k )

and we have a proportional odds model since theotliis thatR ;, < & (conditional on the latent and

observed explanatory variables) are

4 Third level was time but it was ignored after ilggof its significance.
!5 We multiplied observed user rating by 2 to makeeiinteger in estimation and therefae=1,...a,=10.
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so that the odds that the response category isHassor equal t@for a rating for movie is a constant
multiple of the odds for another rating for the neov with odds ratio equal texp(; ;, —v.;, )for all s.

The likelihood of the observed data is the liketilanarginal to all latent variables. L@be the vector of
all parameters including the regression coeffici@n®, y@, the threshold parametets and the factor
loadingshk,, i=1,...17 , in our model . The number of free paggars in will be reduced if constraints are
imposed.

Then, we can specify the likelihood function as

T{TT R 0 A 200 s

where g(](z),j,t) is the prior density of the latent variables. ¥ésume it has a normal distribution with zero
mean and variancg®. The GLLAMM program in STATA maximizes the numeilly integrated

marginal log-likelihood using a Newton-Raphson aildpon.
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