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Abstract
This study is the first attempt to examine the effect of electronic word of mouth (user 
reviews) relative to expert reviews on moviegoing decisions. For the first time, we 
use time-varying data on expert reviews. We find that expert ratings matter much 
more for moviegoing decisions than user ratings and volume. Our data also show 
that experts tend to be more critical but more consistent in their reviews than users. 
We find that experts, but not eWOM, affect wide release moviegoing, contrary to 
industry thinking. Finally, we show that experts’ reviews matter most when consum-
ers and critics are in closer agreement about the quality of the film. The study uses 
OLS as well as instrumental variables analysis to account for possible endogeneity.
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1 Introduction

Electronic word of mouth (eWOM) or Internet-mediated written communications 
between consumers (user reviews) seems to be playing an increasing role in the 
consumer decision-making process (Babic et al. 2016; Baker et al. 2015; You et al. 
2015; Marchand et al. 2017; Mayzlin et al. 2014). Companies are allocating larger 
portions of their marketing budgets to generate and manage the eWOM process, and 
ZenithOptimedia estimates that such spending had reached $8.22 billion by 2015 
indicating a growth rate of about 35% annually (Sass 2013).

Most of the literature to date analyzes either user reviews or expert reviews. This 
is the first paper to compare these two forms of evaluation in the context of movie-
going. We are also the first to follow both types of reviews over time.

The majority of eWOM research focuses on two key metrics, volume and valence 
as measures of the extent of eWOM. However, there are conflicting findings regard-
ing the impact of these two eWOM metrics on consumer decisions.1 Such conflict-
ing findings prompted You et al. (2015) to perform a meta-analysis of 51 eWOM 
studies (13 of these articles cover the movie industry). Their meta-analysis con-
tains 15 platforms where information regarding products and services is posted and 
exchanged by consumers such as Amazon, Yahoo! Movies, Yahoo! Games, CNET, 
GameSpot, and others. You et al. (2015) find that (1) both volume and valence have 
a positive and significant impact on market outcomes, (2) valence elasticity is gener-
ally higher (.417) than volume elasticity (.236), and that (3) impact varies depending 
on three contextual factors—product, industry, and platform characteristics. Impor-
tantly, to our knowledge, we are the first to include time-varying professional critics 
and eWOM in the same study.

A key characteristic of many internet platforms is that along with consumer opin-
ions and reviews they simultaneously (on the same page) carry or display experts’ 
opinions and reviews for the same product or service. For example, www.GameS 
pot.com carries reviews and opinions from consumers and experts on video games, 
www.CNET.com carries reviews and opinions on consumer electronic products 
from both consumers and experts, while www.rotte ntoma toes.com carries both con-
sumer and expert reviews for movies.

In this study, we analyze user and expert reviews in the context of motion pic-
tures. We have several interesting findings. First, we show that if we exclude expert 
reviews, we are able to replicate prior research and find that eWOM volume and 
valence significantly affect sales. However, if we include expert opinions, we find 
that while eWOM volume and valence are significant, expert opinions have a greater 

1 Conflicting findings occur even in the context of the same industry (e.g. movies): Liu (2006) and Duan 
et  al. (2008) find that the volume but not the valence of consumer reviews is significantly associated 
with movie revenues. Chintagunta et al. (2010) find that it is valence of eWOM, rather than volume, that 
drives revenues. Also, the elasticities calculated vary a great deal. A few studies find negative elasticities, 
in particular in some movie and book studies, and You et al. (2015) suggest that “poor ratings can result 
in sales especially because the marginal cost of these products is so low” (ibid. p. 34). We are not sure 
how to reconcile these findings—our results seem to suggest a robust positive elasticity for volume and 
valence even in the presence of expert reviews.

http://www.GameSpot.com
http://www.GameSpot.com
http://www.CNET.com
http://www.rottentomatoes.com
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impact on sales than either measure of eWOM. In doing so, we instrument for both 
eWOM measures and expert reviews.

The findings are qualitatively similar for OLS and IV regressions. We also show 
that our findings are not due to the aggregation bias discussed in Chintagunta et al. 
(2010). Finally, we find that user reviews do become relatively more important when 
experts and users disagree most and that, counter-intuitively, expert reviews matter 
most for wide release as opposed to platform release (“art house”) movies. We also 
show that user reviews tend to be more positive than critical reviews.

The remainder of the article is organized as follows. The next section provides 
theory and background. Section 3 discusses the data and estimation methodology. 
Section 4 reviews estimation results. Section 5 concludes with a discussion of the 
academic and managerial implications of our findings.

2  Literature, theory and background

Product uncertainty can arise from consumers’ lack of information about available 
product alternatives or from doubts as to whether or not the product matches his 
or her needs. Such uncertainty determines the search for information a consumer 
undertakes (Maity et al. 2014; Moorthy et al. 1997; Urbany et al. 1989). Traditional 
papers on consumer information search show that there are costs (e.g., monetary 
costs, psychological costs, etc.) and benefits (e.g., reduced product uncertainty, 
greater fit to user needs, etc.) associated with such a search (You et al. 2015). In the 
presence of various eWOM, company websites, and information aggregators (e.g., 
www.GameS pot.com), the costs of consumer search decline. Moreover, the numer-
ous internet platforms make it easier to capture a range of diverse consumer and 
expert perspectives that better help consumers in judging the fit of the product with 
their own needs and preferences (You et al. 2015). As a result consumers are switch-
ing from offline to online information search (Klein and Ford 2003; Ratchford et al. 
2007; Marchand et al. 2017).

A study conducted by KRC Research (2012)—who surveyed customers in the 
consumer electronics industry (smartphones, tablets, cameras, etc.)—shows that 
consumers routinely search for both consumer and expert reviews online before 
purchase: “65% of the subjects were influenced by a favorable consumer review to 
buy a consumer electronic product while 59% were influenced by professional critic 
review…” (p. 2). Subjects reported reading 11 reviews on average. Thus, it seems 
that today’s consumers routinely search for both expert and user reviews to make 
informed decisions.

Holbrook (1999) finds that consumers and experts emphasize different criteria 
in their reviews (of movies) and discusses potential sources of such differences. 
He argues that professional critics who offer expert judgments are different from 
lay consumers because: (1) professional critics display familiarity and consistency 
with the values of the “cognoscenti”, conventionally empowered to determine what 
passes for excellence; (2) professional critics receive extensive education and train-
ing, and (3) professional critics often serve in an institutionalized capacity sanc-
tioned by official appointments or by the support of various scholars, authorities 

http://www.GameSpot.com
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and editors. In contrast, consumer reviews stem from ordinary consumers who may 
or may not have extensive familiarity with the product, do not necessarily possess 
training and education in the area, usually do not serve in an institutional capacity 
and rarely have any official appointments. Given the significant differences between 
experts and users, we expect the two information sources to impact consumer deci-
sion processes differently.

A key issue that plagues eWOM is their authenticity. In the aforementioned KRC 
study, a full 80% of consumers polled reported concerns about the authenticity of 
consumer reviews online. A report from www.pbs.org recently reported that the res-
taurant review website, www.yelp.com, labels 25% of submitted reviews as suspi-
cious or not recommended (PBS Newshour 2015). Mayzlin et al. (2014) document 
seemingly fake customer reviews of hotels on www.tripa dviso r.com. The ubiquity 
of fake reviews has recently prompted the Federal Trade Commission in the USA 
to update its guidelines governing endorsements and testimonials to also include 
guidelines for online reviews.

Therefore, our hypothesis is simple:

H1 Expert reviews are more influential than user reviews in determining consumer 
behavior and purchases.

This follows the literature above suggesting that consumer reviews may be less 
credible and less informative.

The alternative hypotheses are that user reviews are more important and that both 
types of reviews have equal effects on consumers’ behavior.

3  Data and methodology

There are two main objectives to our empirical study. First, we compare the rela-
tive influence of expert and non-expert ratings on weekly movie box office receipts. 
Second, we examine the conditions that affect the relative influence of expert and 
non-expert ratings on weekly box office changes.

We identify a random sample of 194 films that had theatrical release in the 
US market in 2007 and early 2008.2 The data include 171 movies from 2007 and 
23 movies released in January and February of 2008. In 2007 there were only 
189 movies released in theaters domestically by the members of MPAA.3 Thus, 
our sample is fairly representative and comparable in size to those used in other 

2 In our dataset, there are 194 movies, each followed for 10 weeks. Thus there are 1940 potential obser-
vations—movie-week data points. However, there are 1629 observations in the OLS regressions due to 
some movies leaving the market before the full 10 weeks as well as missing observations for other vari-
ables.
3 Source- MPAA.org. We should note that the theatrical market has not changed much in the last 
10 years in terms of admissions and real revenues (see Theatrical Market Statistics at MPAA.org) except 
the change to digital projection. The other change in distribution towards streaming does not affect the 
impact of user and professional critics on weekly revenues which we are studying here.

http://www.pbs.org
http://www.yelp.com
http://www.tripadvisor.com
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studies (Ravid 1999; Basuroy et al. 2003; You et al. 2015). It is larger than vari-
ous datasets in several eWOM studies. Liu (2006), for example, uses a selected 
sample of 40 movies from the summer months of 2002, Chintagunta et al. (2010) 
use a sample of 148 movies released from November 2003 to February 2005, and 
Gopinath et al. (2013) use a sample of 75 movies released in 2004. Baseline pro-
vides information on weekly domestic box office revenues ( Box ), theater counts 
( Screen ), and other revenues sources.

There are various sites which aggregate professional critical opinions and 
internet user reviews. We looked for a site which includes both types of reviews 
side-by-side, because consumers are more likely to view both user and expert 
reviews when they visit the site seeking information, and thus our tests can be 
cleaner. We use a single website, www.rotte ntoma toes.com (hereafter RT, see, 
Moon et  al. 2010) that is ranked 3rd among top websites by category (movies) 
in the USA by the website ranking company, Alexa (http://www.alexa .com/topsi 
tes/categ ory/Top/Arts/Movie s), and which displays professional critics’ ratings as 
well as user ratings next to each other on the same webpage. It is also commonly 
followed by industry insiders. We display a portion of the RT website for the 
movie Shrek the Third in Fig. 1 as an example.

Each user review in this website is dated. We collect the number of users who 
had reviewed the movie to date for each week ( UserVolume ). This variable is sim-
ilar to the volume of reviews used by Liu (2006) or Chintagunta et al. (2010). We 
also collect the valence of user ratings, which is the average rating of users who 
have reviewed the movie through each week ( UserRating ). Chevalier and Mayzlin 
(2006) and Chintagunta et  al. (2010) underscore the importance of the valence 
of user reviews. Also, recent studies control for variance of eWOM (e.g. Chinta-
gunta et al. (2010) and Zhang and Dellarocas (2006)) in their estimations. We fol-
low this trend and calculate the variance of average user ratings ( UserVariance ) 
for movie i during the tth week on the market as

where weekUserVolumeit and weekUserRatingit are the number of user reviews and 
average user rating for movie i during the tth week, respectively. This is a measure 
of variance using the average ratings within each week (weighted by the respective 
number of reviews within the week) relative to the average of all user ratings up to 
and including week t.

We also collect the valence of the critic rating, which is the average critic rat-
ing up to the week in question ( CriticRating ) provided by RT. It is important to 
note that the RT website aggregates and averages critical reviews daily. There-
fore, the average critic rating for a film changes as soon as a new critical review 
is available and we can see how average critical evaluation changes over the run 
of a movie. Our paper is the first to offer a dynamic measure of critics’ ratings (as 
opposed to the average rating prior to the opening of a movie).

UserVarianceit =

∑t

�=1
weekUserVolumei�

(

weekUserRatingi� − UserRatingit

)2

UserVolumeit

http://www.rottentomatoes.com
http://www.alexa.com/topsites/category/Top/Arts/Movies
http://www.alexa.com/topsites/category/Top/Arts/Movies
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Also, RT includes reviews only once even if reviews are reprinted in local papers. 
For example, New York Times reviews are often reprinted in local papers alongside 
reviews by local critics—RT will only include the New York Times review when it is 
originally published. Thus, our average critic rating measure avoids any bias due to 
counting a single review multiple times. The only other paper that we are aware of 
that leverages the different publication times of critical reviews in the movie indus-
try is Chen et  al. (2012). Chen et  al. (2012) conduct an event study using stocks 
of publicly traded movie studios and show that prerelease expert reviews exert an 
impact on company stocks in the direction implied by their valence.

Recent research also controls for the impact of variation in critical opinion (Kup-
fer et al. 2018) and the number of critical reviews (Zhang and Dellarocas 2006) on 
box office success. With this in mind, and to ensure our measures of critical opinion 
parallel our measures of user opinion. We collect the number of critics who have 
reviewed the movie to date for each week ( CriticVolume ) and calculate the variance 
of average critic ratings ( CriticVariance ) with

where weekCriticVolumeit and weekCriticRatingit are defined similar to the analo-
gous measures for users.

We control for various other potential determinants of weekly movie revenues. 
Our advertising data ( Advs ) cover total television and print advertising expenditures 
for each film in each week as collected by Kantar Media (www.kanta rmedi a.com). 
The data are weekly—a common unit of analysis for the motion picture industry 
(see, Ho et al. 2009).

There are several other variables that have been shown to affect movie revenues, 
including genre variables—action, comedy, drama, romance and thriller—and 
MPAA ratings (De Vany and Walls 2002; Ravid 1999). Also, the impact of star 
power on movie revenues has been debated in the literature. In general, star partici-
pation, however defined, does not seem to affect revenues per se (see Ravid 1999; 
De Vany and Walls 1999; Elberse 2007). However, star power may have a com-
petitive and “insurance” role (see Basuroy et al. 2003). Other determinants of film 
revenues can be the identity of the studio (see Elberse and Eliashberg 2003) and 
seasonal effects (see Radas and Shugan 1998). As these film-specific characteristics 
are constant throughout a film’s run, we control for these effects by first differencing 
our variables in the estimations below.

As noted, part of our analysis concerns the release strategy of the film in 
question. Studios follow two distinct strategies. One strategy is wide release. 
The movie opens in as many theaters as possible around the country. Typically, 
the number of theaters and revenues decline steeply as time goes by. The alter-
native strategy is called “platform release” or limited release. In that case, the 
movie opens in a small number of theaters, and if it does well, theaters are added 
as time goes by. Industry believes that platform release is better for iffy, more 
“artistic” movies which may not be suitable for a wide audience. Einav (2007) 

CriticVarianceit =

∑t

�=1
weekCriticVolumei�

(

weekCriticRatingi� − CriticRatingit

)2

CriticVolumeit

http://www.kantarmedia.com
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categorizes films opening on less than 600 screens as “platform release” mov-
ies. We follow that definition. PlatformReleasei is a dummy variable that takes 
a value of 1 if movie i is released on < 600 screens, and 0 otherwise (Table 1).

Table  2 contains all the key variables, their definitions, references, where 
these variables have been previously used as well as the sources for our data. 
Table 3 provides descriptive statistics. Table 4 is the correlation matrix. Table 3 
shows a significant variability in both user and expert ratings of our movies, 
but user ratings are on average higher than professional critics’ ratings (7.08 vs. 
5.82). This is interesting in itself, and may be because most users review movies 
they choose to see, and thus by definition like some features of the movie even 
before setting foot in the theater, whereas reviewers review all movies. User vol-
ume varies a great deal per week; movie revenues range from a high or over 
$160 million per week to a low of $220,000 per week. Table 4 shows that box 
office revenues are positively correlated with expert ratings, screens and adver-
tising and negatively correlated with a movie’s age (i.e. the number of weeks 
since the movie was released). We are going to explore these relationships fur-
ther in our analysis.

Because of varying lengths of theatrical runs of movies in our sample, we fol-
low the work of Basuroy et al. (2003) and Liu (2006) and restrict the empirical 
analyses to the first 10 weeks. The first 10 weeks typically account for more than 
90% of the box office revenues. In the next subsection, we describe the model, 
identifying the effect of critic valence, and the instrumental variables we use to 
correct for possible endogeneity.

Fig. 1  Portion of Shrek the Third homepage on www.rotte ntoma toes.com. Summary of critic and user 
ratings displayed side-by-side

http://www.rottentomatoes.com
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3.1  Model speci�cation

We use the following key revenue Eq. (1):

Note that we take the natural log of Boxit and 1 + Advsit−1
 because the levels of 

these variables are highly skewed; we add 1 to Advsit−1
 before taking the natural log 

in order to ensure the natural log is defined when Advsit−1
= 0 . Since Log

(

Boxit

)

 is 
the dependent variable in Eq. (1), �

8
 is interpreted as the approximate elasticity of 

box office with respect to advertising dollars in the previous period; the �s on all 
the other variables in levels are interpreted as the percentage change in box office 
caused by a 1 unit change in the respective variable.

A key difference from the previous literature is the inclusion of expert ratings 
in the estimation equation along with user ratings. �i is a vector which captures 
any time invariant film-specific effects on box office revenues such as genre, rat-
ing, studio, star power, any unobserved time of release effects, etc. In addition, �i 
captures time invariant film-specific unobservables—failure to control for these may 
bias estimates as well if unobservables are correlated with the independent variables 
(Greene 2011a). Previous work has either relied on fixed effects estimation which 
makes it difficult to separately identify the effect of time invariant expert ratings 
and �i (e.g. Chintagunta et al. 2010) or has identified �i without controlling for time 
invariant unobservables directly in the estimation via fixed effects (e.g. Eliashberg 
and Shugan 1997; Ravid 1999; Basuroy et al. 2003; Gopinath et al. 20134).

Our main independent variables of interest are (see Table 2): UserVolume = Num-
ber of user reviews for film i by (up to and including) week t; UserRating = Aver-
age user rating for film i by week t (i.e., the valence of users’ comments); 
CriticRating = Average critic rating for film i by week t (i.e., the valence of critics’ 
opinions). In addition, we include a number of control variables: UserVariance = Var-
iance of average user ratings of film i by week t; CriticVolume = Number of critic 
reviews for film i by week t; CriticVariance = Variance of average critic ratings of 
film i by week t; Screen = Number of screens (in 100 s) per week for film i in week t; 
Advs = Total advertising dollars for film i by week t; and Age = Age of film i in week 
t (i.e., weeks since film i’s release) as well as age squared ( Age2 ) to control for a 
linear time trend and possible higher order trends, respectively. We lag UserVolume , 

(1)

Log
(

Boxit

)

= Const′ + �
1
UserVolumeit−1

+ �
2
UserRatingit−1

+ �
3
UserVarianceit−1

+ �
4
CriticVolumeit−1

+ �
5
CriticRatingit−1

+ �
6
CriticVarianceit−1

+ �
7
Screenit + �

8
Log

(

1 + Advsit−1

)

+ �
9
Ageit + �

10
Age2

it
+ �i + �it.

4 We note that Gopinath et  al. (2013) identify μi using a two-stage approach which controls for time 
invariant unobservables but their identification assumption is based on the standard random effects 
approach. First they estimate box office in different markets at different points in time incorporat-
ing movie fixed effects. Second, they regress the movie fixed effects coefficients from the first stage on 
time invariant regressors to recover μi. However, this approach to identifying time invariant regressors 
relies on the assumption that they are not correlated with any unobserved movie specific effects (Greene 
2011a) which reduces to the standard assumptions of a random effects model (Greene 2011a, b).
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UserRating , UserVariance , CriticVolume , CriticRating , CriticVariance and Advs in 
Eq. (1) to limit the effect of contemporaneous correlation as reverse causality may 
bias estimates when using current values. For example, it is likely that current box 
office revenues influence the current volume of user reviews since moviegoers are 
likely to review films the same week they watch them. Greater revenues in a week 
mean a large number of moviegoers that week and, as a result, a larger number of 
potential user reviews. Lagging these variables limits this influence on coefficient 
estimates. Lastly, eit is an error term.

As discussed, by first differencing Eq. (1), we abstract from the need to estimate 
�i . This also eliminates any bias in the estimates due to correlation of the explana-
tory variables with unobservable film characteristics. We can achieve the same goal 
by incorporating fixed film effects; however, first differencing offers some advan-
tages for our instrumental variable strategy (Greene 2011a)—we discuss this further 
in the instrumental variables section below.

Equation (2) is the first difference equation: 

(2)

ΔLog(Boxit) = Const + �
1

(

ΔUserVolumeit−1

)

+ �
2

(

ΔUserRatingit−1

)

+ �
3

(

ΔUserVarianceit−1

)

+ �
4

(

ΔCriticVolumeit−1

)

+ �
5

(

ΔCriticRatingit−1

)

+ �
6

(

ΔCriticVarianceit−1

)

+ �
7

(

ΔScreenit

)

+ �
8

(

ΔLog
(

1 + Advsit−1

))

+ �
10

(

ΔAge2

it

)

+ Δ�it.

Table 1  Sample of review 
websites that utilize both expert 
reviews and eWOM

Review website Product type Expert 
reviews 
included?

User 
reviews 
included?

All music Music Yes Yes
Barnes and noble Books Yes Yes
Cars.com Automobiles Yes Yes
CNET Electronics Yes Yes
Consequence of sound Music Yes Yes
Digital trends Electronics Yes Yes
Edmunds Automobiles Yes Yes
Engadget Electronics Yes Yes
Gamespot Video games Yes Yes
IGN Video games Yes Yes
IMDb Movies Yes Yes
Kelly blue book Automobiles Yes Yes
Metacritic Various Yes Yes
Rotten tomatoes Movies Yes Yes
Trusted reviews Various Yes Yes
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Δ indicates the change in the variable from the previous period. Note our coeffi-
cients of interest, the �s , are not changed by first differencing.5

3.2  Identi�cation of critics’ valence

In papers which included critical reviews (Ravid 1999; Basuroy et  al. 2003; Eli-
ashberg and Shugan 1997; Gopinath et  al. 2013), the valence of critical reviews 
is constant for each film. This makes it impossible to identify critic valence sepa-
rately from time invariant film-specific effects ( �i in Eq. (1)). The researcher is left 
with two options: (1) either include fixed effects without separately identifying the 
impact of critics on revenue (e.g. Chintagunta et al. 2010) or (2) include observable 
time invariant film-specific variables such as rating, genre, studio, star power, criti-
cal reviews, and impose restrictions that these variables are not correlated with the 
film-specific unobservables (Gopinath et al. 2013). The former strategy controls for 
all time invariant film-specific observables and unobservables, but does not allow 
for separate identification of time invariant film-specific effects. The latter strat-
egy allows for identification of observable time invariant film-specific effects, but 
obtaining consistent estimates relies on the tenuous assumption that regressors are 
not correlated with unobservable film-specific effects (Greene 2011a).

In this paper, as discussed, we use for the first time the precise date when a criti-
cal review is released. Critic valence changes over the run of each film because of 
two reasons: (1) different outlets have different publication schedules (e.g., the New 
York Times is a daily publication, Time is weekly, Rolling Stone is bi-weekly) and 
(2) movies are released later in some local markets, and hence, some local reviews 
come out later. We exploit RT’s convention of listing the publication date of every 

Table 3  Descriptive statistics

N = 1629

Variables Mean SD Min Max

Boxit

(

in $1000s
)

4613.1020 12016.5700 0.2240 160099.0000
UserVolumeit 75.5402 53.6253 0.0000 252.0000
UserRatingit 7.0829 0.9152 0.0000 10.0000
UserVarianceit 0.4795 0.5554 0.0000 6.8056
CriticVolumeit 3.2462 7.9658 0.0000 42.0000
CriticRatingit 5.8194 1.5243 0.0000 9.4792
CriticVarianceit 0.4561 0.5828 0.0000 3.8850
Screenit(in 100s) 9.2313 11.3215 0.0100 43.6200
Advsit

(

in $1000s
)

466.8621 955.0027 0.0000 8347.1870
Ageit(Week) 5.1031 2.8124 1.0000 10.0000
PlatformReleasei 0.3843 0.4866 0.0000 1.0000

5 The effect of age is not separately identified from the constant in Eq. (2) when differenced.
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critical review, and updating their average critic rating score accordingly, to obtain a 
time-varying measure of critic valence over the run of each film.

Although many reviews come out on the release date or slightly before that, every 
movie in our data set has critical reviews that come out after the movie is released. 
In total, there are 859 reviews in our sample which were posted between the second 
week and the tenth week the movie is on the market, and new reviews appear every 
week (though there is a greater percentage of review in early weeks). This provides 
us with enough data to identify the effect of time-varying critic valence. We provide 
a summary of the distribution of the number of critical reviews over time as well as 
the average critic and user rating through the opening week and after the opening 
week in Table 5. Note that, as discussed, users tend to rate movies higher than crit-
ics and that average critical and user valence is higher for reviews released after the 
opening week than reviews released during or before the opening week.

Table 6 shows how the average user valence and critic valence change over the 
weeks of a film’s release. Note that both the change in average critic and user valence 
tend to decrease in absolute value over the run of films’ release. However, there are 
still relatively large shifts in both even at the end of the 10-week period—in absolute 
terms, the largest change in critic and user valence for a film is .2206 and .6857, 
respectively (see Table 6). The fact that these variables change over time allows us 
to identify the effects of both critical and user valance on weekly box office revenue 
while including fixed effects to control for time invariant film-specific observables 
and unobservables. Interestingly, user reviews tend to show much greater changes 
over time than expert’s ratings, which seems to suggest that there is some element of 
professional evaluation which is common to the professionals and may be lacking in 
user reviews.

Since several variables, including screens, user volume user rating and critic rat-
ing can be endogenous, we make extensive use of instrumental variables in our anal-
ysis. A very detailed “Appendix 1” describes the issues, the instrumental variables 
and the estimation involved.

4  Results

The availability of instruments enables us to address endogeneity and possible cor-
relations between the error terms and variables we use in our analysis, including 
user volume, user valence, variance of user valence, critical valence, variance of 
critical valence, number of screens, weekly advertising expenditure. The general-
ized method of moments (GMM) allows us to explicitly deal with these endogeneity 
concerns. GMM is also preferred in the presence of heteroskedasticity (Cameron 
and Trivedi 2005; Greene 2011a). We use the continuously updating GMM esti-
mator which has been shown to have better performance in finite samples (Imbens 
2002). Importantly, the Hansen’s J-statistic is never significant in any GMM estima-
tion indicating the instruments appear to be orthogonal to the error terms. We use 
clustered robust standard errors control for any arbitrary correlation of errors for 
observations within the same movie; failure to control for this can result in severe 
downward bias of standard errors (Cameron and Trivedi 2005).
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Table 7 shows models including eWOM volume and valence with and without 
expert reviews. The unit of observation is movie-week. Models 1 and 2 allow us to 
compare our results to previous work on eWOM in general (You et al. 2015) and 
in the movie industry specifically (Chintagunta et  al. 2010; Gopinath et  al. 2013; 
Liu 2006) where the explanatory variables of interest are user volume and/or user 
valence (the number of screens and advertising dollars are included in all the esti-
mations as controls). We should mention that in every model in Table 7 advertising 
investment has a positive and significant effect on revenues, the number of screens 
has a positive and significant effect as well (see Elberse and Eliashberg 2003), and 
there is a significant negative time trend (i.e. the negative and significant effect of 
the squared term for movie age always dominates) as found in previous research 
(Chintagunta et al. 2010). Also, we show variance inflation factors (VIFs) to accom-
pany each model in Table 7. The greatest mean VIF is 1.83 (for Models 3 & 4) and 
no individual VIF is above 5. Therefore, we believe multicollinearity is not unduly 
influencing the results.

Model 1 shows OLS estimation without any endogeneity corrections. Using 
this specification, we find that both user rating and user volume have a positive 
and significant impact on movie revenues. These results are consistent with those 
reported in the recent Meta-Analyses of the eWOM literature by You et al. (2015) 
and Babic et al. (2016). Our results hold when we control for endogeneity with our 
GMM estimation in Model 2.6 Using estimates from Model 2, we find the marginal 
effect of user valence is significantly larger than the marginal effect of user volume 
( �2(1) = 132.07 , p < 0.0000) consistent with Chintagunta et al. (2010) and Gopinath 
et al. (2013).7

In Models 3 and 4 we include critic valence (ratings) and variance of critic 
valence, user valence and variance of user valence, user volume, critic volume, 
number of screens, and weekly advertising expenditure. Model 3 is a simple OLS 
while Model 4 addresses endogeneity concerns with GMM estimation.8 Models 3 
and 4 show that the effects of user volume are still significant, but the coefficient is 
significantly lower. User ratings have much lower coefficients and in model 3 user 
ratings are insignificant.

More importantly, the impact of critic valence on revenues is significantly larger 
than the corresponding effect of user valence in both Models 3 and 4.

6 We reject the null hypothesis that our endogenous regressors are exogenous with �2(5) = 71.623 and 
associated p value < 0.0000.
7 We should note that Liu (2006) and Babic et al. (2016) find that box office is more sensitive to user 
volume than valence. However, one important difference between our approach and Liu’s (2006) is that 
Liu (2006) uses measures only from the previous week and does not consider cumulative variables. 
While we do not display here for brevity, our results in Models 1 and 2 are similar to Liu’s (2006) when 
we use the same weekly variables. The approach we take in the paper is similar to the research of Chinta-
gunta et al. (2010) and Gopinath et al. (2013) in that we use cumulative measures for our variables (e.g. 
total user volume up to week t − 1 rather than user volume only in week t − 1).
8 We reject the null hypothesis that our endogenous regressors are exogenous with �2(7) = 50.274 and 
associated p value < 0.000.
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In sum, we find that expert opinion matters more than eWOM to movie revenues. 
Table 7 suggests that previous results, which fail to consider the impact of time-var-
ying critic valence may overstate the impact of user volume and valence on market 
outcomes.

Table 5  Distribution of the number of critical movie reviews over time in the dataset

Total Total (%) Average critic rating for 
reviews released during 
respective time period

Average user rating for reviews 
released during respective time 
period

Before opening week 2366 39.63 5.8193 6.9889
Opening week 2745 45.98
2nd week 392 6.57 5.9126 7.0744
3rd week 213 3.57
4th week 117 1.96
5th week 46 0.77
6th week 27 0.45
7th week 16 0.27
8th week 11 0.18
9th week 10 0.17
10th week 27 0.45

Table 6  Change in average critic and user valence over the weeks after films’ opening week

Week after film’s 
opening week

Variables Mean SD Min Max

2nd week ΔCriticRatingit − 0.0125 0.1191 − 0.9356 0.3629
ΔUserRatingit 0.1376 1.0859 − 1.1667 10.0000

3rd week ΔCriticRatingit − 0.0108 0.0649 − 0.3351 0.2529
ΔUserRatingit 0.0198 0.4115 − 1.2500 5.0000

4th week ΔCriticRatingit − 0.0146 0.0808 − 0.5313 0.2371
ΔUserRatingit 0.0023 0.1696 − 0.4286 1.5000

5th week ΔCriticRatingit − 0.0076 0.0606 − 0.4003 0.2580
ΔUserRatingit − 0.0105 0.1456 − 0.8571 0.5238

6th week ΔCriticRatingit − 0.0079 0.0410 − 0.3281 0.0601
ΔUserRatingit − 0.0001 0.0708 − 0.3036 0.3247

7th week ΔCriticRatingit − 0.0025 0.0203 − 0.2227 0.0860
ΔUserRatingit 0.0068 0.0787 − 0.2794 0.5000

8th week ΔCriticRatingit − 0.0037 0.0262 − 0.1833 0.0647
ΔUserRatingit 0.0084 0.1697 − 0.5308 2.0000

9th week ΔCriticRatingit − 0.0022 0.0197 − 0.1525 0.0906
ΔUserRatingit 0.0096 0.0647 − 0.3712 0.3500

10th week ΔCriticRatingit − 0.0012 0.0170 − 0.2206 0.0494
ΔUserRatingit 0.0062 0.0757 − 0.4074 0.6857
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As an additional robustness check, we obtain review data on the same movies 
over the same timeframe from IMDB.com (for users) and Metacritic.com (for crit-
ics) and rerun the analysis. These data offer a more precise measure of the variance 
in user and critic reviews. Our results are qualitatively similar to Models 3 and 4 in 
Table 7 and presented in “Appendix 2”.

4.1  Additional tests: aggregation bias

National data can be subject to an aggregation bias (Chintagunta et al. 2010). This 
may occur because inferences using national box office, aggregated across many 
heterogeneous markets, may reflect distribution strategy rather than the influence of 
user ratings or critic ratings. Chintagunta et  al. (2010) highlight this concern: for 
movies with a sequential distribution strategy, premiering in some markets before 
others, the effect of user valance may be positively biased. This can occur if the 
movie is not well received in markets where it first opened, resulting in low user 
ratings, but box office increases anyway in the next week because the movie opens 
in additional markets. Indeed, a key contribution of Chintagunta et al. (2010) and 
Gopinath et al. (2013) is the use of data from individual geographic markets to deal 
with the aggregation problem.

Unfortunately we do not have individual data from geographic markets to ensure 
our results are robust to aggregation bias. However, aggregation bias is less likely 
to be an issue for wide release movies—these movies open simultaneously in most 
markets so aggregation bias caused by a sequential release strategy is not a concern. 
An uptick in box office the week following a wide release cannot be the result of 
entering new markets because the movie has already opened everywhere in the first 
week.

Figure 2 shows the average number of screens for wide release movies (i.e. non-
platform release movies) and platform release movies by the number of weeks the 
movie is on the market. Wide release movies start on a large number of screens, but 
then drop precipitously as the movie ages. On the other hand, platform release mov-
ies on average are shown on more screens each week until the movie is five weeks 
old, then the number of screens declines from 6 weeks on. This reflects the sequen-
tial release strategy for platform release movies as they are released in more markets 
over time.

We repeat our analysis using only wide release movies. OLS and GMM results 
are shown in Table 8. GMM estimates are preferred because endogeneity is likely 
to be present.9 Again, VIFs indicate that multicollinearity is not a concern in these 
estimations.

Our main result, that the impact of critic valance is significantly greater than the 
impact of user valence, holds when we estimate Eq. (2) with both OLS and GMM 
using only observations where aggregation bias is least likely to be present. Fur-
thermore, for wide release movies, only experts’ reviews matter, whereas there is 

9 Testing the null hypothesis that the endogenous regressors are exogenous in Model 6 yields 
�2(7) = 27.437 and associated p value=0.0003.
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no significant effect of user ratings on revenues. This is interesting, since “industry 
wisdom” suggests that wide release movies are carried by word of mouth whereas 
“art house” films are more influenced by professional critical reviews. Here we see 
that word of mouth valence does not seem to matter at all for wide release movies, 
whereas moviegoing is significantly affected by experts’ reviews.

4.2  Additional tests: disagreement between critics and users

Our review of theory on the influence of experts and lay people suggests that there 
may be situations where experts’ views matter more, whereas in other cases users’ 
views matter more. When the level of disagreement between experts and laypeople 
is relatively high, lay people may rely on opinions of people they consider to be 
more like themselves. In order to test this idea, we estimate Eq. (2) using observa-
tions where critics and users disagree relatively more and compare the findings to a 
case where critics and users disagree relatively less.

Formally, we define Disagreement Valueit = UserRatingit − CriticRatingit which 
captures the difference between user valence and critic valence for each movie in 
each period. In Table 9 we show the values of Disagreement Valueit that break the 
data into quartiles.

We use the outer quartiles in Table  9 as our measure of a high level of disa-
greement between experts and consumers, whereas the inner quartiles proxy 
for more agreement. In other words, if Disagreement Valueit < 0.3771 or 
Disagreement Valueit > 2.1938, then we classify the observation as reflecting rela-
tively large disagreement between users and critics. Similarly, observations with 
0.3771 ≤ Disagreement Valueit  ≤ 2.1938 are classified as small disagreement obser-
vations.10 This classification places roughly half of the observations in each cate-
gory. Estimation results for Eq. (2) using both samples are displayed in Table 10.

Models 7 and 8 use OLS and GMM estimations, respectively, for cases when 
disagreement between users and critics is relatively small; Models 9 and 10 show 
results when disagreement is relatively large. VIFs for each set of models do not 
indicate an issue with multicollinearity. We present OLS results for comparison but 
focus on GMM estimations in Models 8 & 10 for our discussion—in both estima-
tions we reject the null hypothesis that our endogenous regressors are exogenous.11

Model 8 shows that when users and critics are relatively close in their evaluation 
of a movie, the marginal impact of both a change in critic valence and a change in 
user valence are significant but critics matter more. In fact, in the OLS model (model 
7) user ratings are insignificant. This model is similar in many respects to our base 
results shown in Model 4 from Table 7. However, there are a few notable differences 

10 As a robustness check we ran the estimations below using the less than or equal to constraint for clas-
sifying the relatively larger disagreement observations. Our results are qualitatively similar to those pre-
sented below.
11 Testing the null hypothesis that the endogenous regressors are exogenous in Model 8 yields 
�2(7) = 23.893 and associated p value = 0.0012; similarly, Model 10 yields �2(7) = 33.725 and associ-
ated p value < 0.0000.
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from Model 4. Specifically, the impact of user valence is lower and the impact of critic 
valence is greater in Model 8 compared to Model 4. This suggests that when profes-
sional critics and users are roughly in the same boat, experts’ views matter a great deal 
and can sway the moviegoing public. This is a case where the distinctions drawn by 
Holbrook (1999) are less important—possibly there is less of a difference between 
“experts’ opinions” and “popular appeal” and thus consumers are open to experts’ 
recommendations.

In contrast, Model 10 shows that user opinions tend to become relatively more 
important when there is larger disagreement between users and critics. In model 9 
(OLS) user reviews are significant. More importantly comparing Model 10 to Model 4, 
the coefficient on user valance is higher. This is even more pronounced when we com-
pare Model 10 to Model 8. Indeed, in Model 10, we cannot reject the null hypothesis 
that user opinions have the same impact as critical opinions. The point estimates for 
experts’ reviews are still higher, but the difference between the coefficient on experts’ 
ratings and the coefficient of users’ ratings is cut by more than half. In other words, 
when the moviegoing public feels very differently than the experts, then user ratings 
start to matter more. However, possibly in contrast with what we can expect from 
Holbrook (1999), experts’ reviews still matter and may still matter more than users’ 
reviews.
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Table 8  Additional tests estimations for wide release movies

The dependent variable is the first difference of the natural log of weekly movie box office revenue. All 
estimations are with first differences of variable values to control for idiosyncratic movie specific effects
*, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively
(Cluster robust standard errors in parenthesis)
Δ ≡ first difference
^ Const not separately identified from ΔAgeit(Week)

Model 5 OLS Model 6 GMM Models 5 
& 6 VIFs

Endogenous variables
ΔUserVolumeit−1

0.0224***
(0.0067)

0.0167**
(0.0068)

2.50

ΔUserRatingit−1
− 0.0178
(0.1125)

0.1432
(0.1026)

1.21

ΔUserVarianceit−1
0.9107**
(0.3915)

2.0806***
(0.5459)

1.17

ΔCriticRatingit−1
0.3742***
(0.1057)

0.4043***
(0.1040)

1.90

ΔCriticVarianceit−1
− 1.0985**
(0.4331)

− 0.9444**
(0.4718)

1.16

ΔScreenit 0.2077***
(0.0284)

0.1481***
(0.0299)

3.95

ΔLog
(

1 + Advsit−1

)

0.0086
(0.0085)

0.0144
(0.0585)

1.28

Control variables
ΔCriticVolumeit−1

0.2860***
(0.0342)

0.3359***
(0.0299)

5.29

ΔAge2

it
(Week) − 0.6500***

(0.1064)
− 0.4033***
(0.0978)

1.08

Const ^ − 0.1999**
(0.0950)

− 0.4213***
(0.0791)

2.48

Mean VIF 2.20
N 1003 1003
F-value 435.16 477.85
R-Sq. 0.9259
Adjusted R-Sq. 0.9252

F-Stat (p value)/ �2 (p value) for testing 
CriticalRating > UserRating

8.05***
(0.0054)

3.53*
(0.0604)

Tests for endogeneity: relevance and exogeneity of instruments
First-stage F-statistics
 ΔUserVolumeit−1

91.65***
 ΔUserRatingit−1

141.28***
 ΔUserVarianceit−1

14.92***
 ΔCriticRatingit−1

163.26***
 ΔCriticVarianceit−1

18.91***
 ΔScreenit 44.58***

 ΔLog
(

1 + Advsit−1

)

11.12***

Hansen J-Statistic (p value) 13.113
(0.1080)
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5  Conclusions

Electronic word of mouth (eWOM) seems to play a significant role in consumer 
decision-making processes and corporations allocate significant marketing budg-
ets to manage their eWOM process. Several studies measure the effects of eWOM 
metrics (volume and valence) on sales. Two recent meta-analyses (Babic et  al. 
2016; You et al. 2015) document such endeavors within and outside of market-
ing. You et al. (2015) find that consumers search various online sources in order 
to understand and incorporate eWOM metrics in their decision processes and 
reduce uncertainty. A key characteristic of many such platforms is that along with 
eWOM they simultaneously (on the same page) carry or display experts’ opinions 
and reviews for the same product or service (e.g., www.kbb.com for cars). How-
ever, most academic research focuses on eWOM, often excluding expert opinions 
that are accessible on the same platforms. However, earlier research (see Basuroy 
et al. 2003) points out the importance of expert reviews, and studies in the trade 
press document that consumers are influenced by both experts and eWOM and 
that expert opinions are playing a significant role in the purchasing decisions.

Our most important findings is that in a world where experts’ opinions and user 
reviews are available side by side, experts’ opinions matter more than eWOM for 
movie revenues. This finding is consistent with a recent paper (Rao et al. 2017) 
that shows that the most important element a studio can include in an ad is a 
review by a trusted critic (see also Ravid et al. 2006).

Second, surprisingly, we find that user ratings have no impact on wide release 
movies, whereas experts’ views do matter. This runs counter to the conventional 
Hollywood view that blockbusters are sustained by word of mouth whereas “art 
house” (platform release) movies are carried by critical reviews. Our findings 
suggest that for any kind of film the importance of experts cannot be overstated.

We also show for the first time that expert reviews tend to be worse but more 
stable than users’ reviews, possibly because users review only movies they chose 
to see and that choice already reflects a positive attitude toward the movie.

Our last finding is that the relative importance of experts’ reviews versus 
eWOM is in determining revenues is affected by the degree of disagreement 
between the two. Thus, studios should worry more about critical reviews if a 
movie is likely to be equally liked (or disliked) by audiences and experts, whereas 
a movie that is likely to be panned by critics but please audiences (or the other 
way around) needs the support of eWOM as well.

These conclusions should matter to media outlets and to the studios. We show 
in this paper that at least at this stage of the digital revolution professional critics 
provide a very useful public service. Thus, media outlets can still benefit from hiring 
credible critics who can boost sales of the media in question. This flies in the face of 

Table 9  Distribution of disagreement between users and critics

Disagreement Valueit = UserRatingit − CriticRatingit − 8.4476 0.3771 1.1364 2.1938 7.0870
% of observations less than disagreement value 0 25 50 75 100

http://www.kbb.com
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the belief in particular in the print media that the age of professional critics is over 
(see also Rao et al. 2017).

The other implication this work is for studios. As established in previous work, 
studios had been keenly aware of the importance of critics throughout the twentieth 
century (see Ravid et al. 2006). We suggest that studios should still pay attention to 
critics. We also show that far from blockbusters being “critics proof”, they are very 
much influenced by critical reviews. For example, the Incredible Hulk, a presumed 
blockbuster from the Marvel series opened to tepid reviews and grossed $134 M in 
North America, well below its budget. At the other end of the Marvel universe, the 
Black Panther which opened to glowing reviews covered its budget of $200 M in the 
opening weekend alone.

Finally, we do find some support for Holbrook’s (1999) idea in that movies where 
critics and audiences are sharply divided audiences views matter more. In such cases 
studios may want to spend more on audience development.

Acknowledgements Suman Basuroy thanks the Carl De Santis Center for Motion Picture Industry Stud-
ies for partially supporting this project with a grant. Avri Ravid thanks Rutgers Business School for a 
research grant partially supporting this work. We thank participants in the annual Business and Econom-
ics Scholars Workshop in Motion Picture Industry Studies as well as participants in the second behavioral 
economics workshop at Tel Aviv College for comments and suggestions. All errors remain our own.

Appendix 1: Instrumental variables and  rst-stage estimations

Instrumental variables

Rossi (2014) in a recent critical overview of instrumental variable analysis high-
lights the need for researchers to adequately identify the potential sources of omit-
ted variable bias (i.e. endogeneity issues) and discuss why the chosen instruments 
should be considered exogenous from the estimation equation but related to the 
independent variables. We address these issues below. Then we discuss additional 
instruments generated leveraging heteroskedasticity in the first-stage estimations 
(Lewbel 2012) to further aid in identification.

There are seven potentially endogenous variables in our analysis: UserVolume , 
UserRating , UserVariance , CriticRating , CriticVariance , Screen, and Advs. We note 
that we are not concerned with correlation between the number of critic reviews 
( CriticVolume ) and the error term because critics are typically assigned to review 
a film well in advance of the film’s release date12—it is highly unlikely that editors 
when assigning critics to review films consider predictions of changes in a film’s 
unobservable characteristics weeks after its release.

While we control for time invariant film characteristics with first differencing, we 
still need to control for possible time variant endogeneity. For example, both criti-
cal and user reviews may be driven by the characteristics of the focal film relative 
to other films on the market. The focal film’s relative “quality” may change over the 

12 Private conversation with one of the authors and a New York Times movie reviewer.
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10-week run as the set of other films on the market changes every week. Differen-
tial relative “quality” of the same movie may drive different average ratings from 
both critics and users as well as induce a higher volume of internet reviews which 
consequently can generate higher box office revenues. This results in endogeneity 
concerns for variance of critic and user ratings as well since they are a function of 
their respective averages. Similarly, different relative “quality” may impact studio 
distribution and advertising strategies. Chintagunta et al. (2010) and Gopinath et al. 
(2013) express similar concerns in their study and identify viable instruments for 
three of these variables, namely UserVolume, UserRating , and Screen.

We follow Neelamegham and Chintagunta (1999) in identifying an instrument for 
Screen using the average number of screens that show movies of the same genre as 
the focal movie i in week t ( CompScreenit ). However, we deviate from Chintagunta 
et al. (2010) in our choice of instruments for UserVolume and UserRating since our 
data are national rather than local.

Instruments need to be correlated with the suspected endogenous variable but 
not with the error term in Eq. (2), Δ�it (Greene 2011a; Rossi 2014). One benefit of 
first differencing to account for time invariant film-specific effects is that we can use 
lagged levels of our endogenous variables as instruments (Greene 2011a): “without 
group effects, there is a simple instrumental variables estimator available. Assum-
ing that the time series is long enough, one could use the lagged differences … or 
the lagged levels … (p. 308)”. Lagged levels are appropriate as long as they are not 
correlated with Δ�it and influence the independent variable (Greene 2011a; Rossi 
2014). For UserVolume and UserRating we believe users are highly unlikely to con-
sider forecasts of Δ�it when (1) deciding to leave a review and (2) evaluating the 
film. Also, Moon et al. (2010) show that previous user ratings influence future user 
ratings. Additionally, in a recent article published in Science, Muchnik et al. (2013) 
show in a randomized experiment that social influence works on users in that prior 
ratings of others significantly affected individual ratings. Indeed, one problem of 
using lagged levels as instruments is that they are typically weak with little cor-
relation to the first difference (Greene 2011a). However, as we show in our first-
stage estimations below, this is not a concern in our dataset—the lagged levels of 
UserVolume and UserRating have significant explanatory power on their counter-
parts in the first-stage estimations.

We leverage the longitudinal aspect of our data set to obtain additional instru-
ments which can help identify UserVolume . For film i observed in week t after 
release, we find the average number of user reviews in the tth week after release 
for all movies released before film i from a different genre. For example, the 
UserVolume of a movie observed in its 3rd week will be instrumented by the aver-
age 3rd week UserVolume of all movies from a different genre released before the 
focal movie. A similar approach is used in Lee’s (2013) study of the video game 
industry when obtaining instruments for console and game prices. This measure will 
be uncorrelated with Δ�it by construction since users are very unlikely to consider 
forecasts of future films’ Δ� , especially future films in different genres, when decid-
ing to leave their reviews.

For each film in each week t, we obtain the average UserVolume in the tth week 
of all previously released movies in a different genre ( PrevUserVolumeDiffGen ). We 
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use the change in average tth from the t − 1th week to the tth week of all previ-
ously released movies in a different genre ( ΔPrevUserVolumeDiffGen ). We expect 
a positive correlation with the change in UserVolume as the instrument likely cap-
tures industry wide changes in the amount of reviews consumers typically leave for 
films from week to week. Another concern highlighted by Rossi (2014) is the use 
of instruments that may not vary among groups (e.g. price indices). It is important 
to note that there is variation in this instrument by film and over time since very 
seldom we find two films of the same genre released at the same time in our dataset.

UserVariance is likely to be identified by instruments for UserRating because the 
latter is a nonlinear function of the former. To address this nonlinear relationship, 
we include the natural log of the lagged level of UserRating , Log(1 + UserRating),13 
as an additional instrument for UserValence.

The valence of professional critic reviews, CriticRating may also be endogenous 
since critical reviews should be correlated with unobserved relative movie “qual-
ity.” We use an instrument for critics’ ratings designed to capture critic experience.14 
More experienced critics can be in a different position vis-a-vis corporate headquar-
ters. There is an entire literature in finance and economics suggesting that people 
with more experience may require higher incentives to act in accordance with share-
holders’ values (Prendergast and Stole 1996; Scharfstein and Stein 1990; Zwiebel 
1995). In line with this research, Ravid et al. (2006) argue that professional movie 
critics with a better reputation/more experience exhibit stronger corporate biases 
than others. As such, we expect average critics’ experience to be negatively corre-
lated with the change in average critical rating.

Reviewers’ experience is almost by definition completely uncorrelated with the 
unobserved relative “quality” of the movie. It is difficult to obtain data on critics’ 
tenure and experience, but as a proxy we are able to obtain previous reviews on 
RT.15 We postulate that the greater the number of reviews, the greater the experi-
ence. For each critic, we find the number of reviews posted prior to reviewing the 
focal film. Then we find the level and the natural log of the average for all critics 
who review the focal film. Though we expect a positive impact of experience on 
the change in average critical rating, we include the natural log to address a possi-
ble nonlinear relationship. These values, AvgPrevRevit and Log

(

1 + AvgPrevRevit

)

 , 
change as new critical reviews become available throughout a movie’s run.16 Note 
that we do not use the lagged level of CriticRating as an instrument because it is 
unlikely that professional/well-trained critics coordinate their reviews taking into 

13 We add 1 before taking the log to ensure the variable is defined when the level is 0.
14 While critics’ ratings may be endogenous, we should emphasize that critics are assigned to review a 
movie by their editor, and studios do not have a role in that decision.
15 www.rotte ntoma toes.com keeps track of each critic’s review history and can be found by clicking on 
the critic’s name. The review history contains all previous reviews the critic has done including the date 
of the review.
16 We add 1 before taking the log to ensure the variable is defined when the level is 0.

http://www.rottentomatoes.com
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account previous critical assessment of a film (although this remains an empirical 
question).17

As with UserVariance and UserRating , we expect CriticVariance is in part identi-
fied by instruments for CriticRating . However, we generate additional internal instru-
ments leveraging heteroskedasticity in the first-stage estimation of CriticVariance 
(Lewbel 2012) to help separately identify the impact of the variance of critic rating 
on box office. We discuss this in greater depth below.

Another potential endogenous variable is advertising. We follow Chintagunta 
et al. (2010) and note that (a) prerelease advertising accounts for the vast majority 
of advertising spending in the movie industry (e.g., Elberse and Anand 2007 find 
that 88% of television advertising spending was spent prior to initial release), (b) 
prerelease advertising budgets are typically a fixed proportion of production budget 
(see Ravid 1999; Vogel 2007). Finally, any impact of prerelease advertising would 
be captured by �i since this value is unchanged over the run of the film—the esti-
mations control for this through first differencing. However, changes in advertising 
expenditure over the course of a film’s run may be influenced by the unobserved 
relative “quality” of competing films. As an instrument we leverage the panel struc-
ture of the data and use the level of advertising expenditure in the previous week. 
Since the endogenous variable in the estimation equation is the lagged first differ-
ence of advertising, the instrument is the 2-period lagged level of advertising. This 
is a valid instrument as it is unlikely that firms set advertising expenditures in a 
given week considering the change in forecasted future shocks two or more periods 
out, Δ�it . In the movie industry, as is well established in the marketing literature, 
the key emphasis is on buzz creation and brand awareness (Houston et  al. 2018). 
Advertising is less likely to have such long-term effects in this industry. For exam-
ple, De Vries et al. (2017) find that empirically only one lag of advertising mattered 
in their VARX model exploring the influence of several variables (including tradi-
tional advertising) on their contemporaneous counterparts.18

Additional instruments leveraging heteroskedasticity in the �rst-stage 
estimations

We note that the empirical results below are robust to including only the traditional 
instruments we outline above. However, in our empirical setting it is difficult to 

18 To provide additional evidence of this assertion we calculate the GMM distance statistic (Hayashi 
2000) to directly test the validity of all instruments created using the lagged level of advertising. The 
GMM distance statistic compares the Hansen’s J of two models—one including all instruments and one 
excluding the instruments created using lagged level advertising—where exogeneity of all instruments is 
the null hypothesis. Under the null, the test statistic is Chi square with degrees of freedom equal to the 
number of suspect instruments. The alternative hypothesis is that the suspect instruments are correlated 
with the error term and therefore invalid. This test relies on the assumption that the instruments not being 
tested are indeed exogenous. We believe this is likely given the theoretical arguments and the literature 
support we provide above. The GMM distance statistic testing the exogeneity of lagged level advertising 
is �2(1) = 0.557 with a p value = 0.4554. Failure to reject the null provides additional support that lagged 
level advertising is exogneous.

17 We thank an anonymous referee for pointing this out.
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strongly identify all endogenous variables using traditional external instruments 
alone. Identification improves when we leverage the procedure outlined in Lew-
bel (2012) and augment the traditional instruments with internal instruments that 
exploit heteroskedasticity in the first-stage estimations.19

Lewbel (2012) shows that if heteroskedasticity is present in the first-stage estima-
tions,20 then additional instruments can be created by interacting the residuals of 
the respective first-stage estimation with any (or all) demeaned independent vari-
ables included in the first-stage estimation. The key idea is that while the exogenous 
regressors in the first-stage estimation are uncorrelated with the error term in the 
first-stage regression by construction, there is no reason to believe that the residuals 
will be independent of the regressors in the reduced form estimation. If the residu-
als are heteroskedastic (i.e. dependent on the regressors), then this information can 
be used to further untangle the endogenous part of the offending variable from the 
exogenous part. In fact, more heteroskedasticity aids in identifying the endogenous 
regressor (Lewbel 2012).

In the extreme, Lewbel (2012) shows that models are identified using only heter-
oskedasticity in first-stage estimations without any additional instruments, though 
“[t]he resulting identification is based on higher moments and so likely to provide 
less reliable estimates than identification based on standard exclusion restrictions, 
but may be useful in applications where traditional instruments are not available 
or could be used along with traditional instruments to increase efficiency” (p. 67). 
We follow this advice and use any additional instruments along with the traditional 
instruments we discuss below.

Additional instruments are created first by estimating the first-stage regression 
including all exogenous variables and instruments and obtaining residuals. Then the 
residuals are interacted with demeaned values of the relevant regressors from the 
first-stage estimation to create new variables. Any new variable created using this 
method is then included like a standard instrument in instrumental variable analysis.

We do not include extra instruments generated from the residuals of all first-
stage estimations interacted with all exogenous variables to avoid instrument pro-
liferation which may weaken results (Roodman 2009). Rather, we focus on gener-
ating instruments for endogenous variables that may be difficult to identify using 
external instruments alone. Our main concern is with identifying ΔUserVolume , 
ΔUserVariance , ΔCriticRating , ΔCriticVariance , and ∆Screen. We believe the 
impact of the variance of user opinion will be difficult to separately identify from 
UserRating and UserVolume (given UserVariance is a function of both) with external 
instruments only. It also may be difficult to separately identify critic rating and vari-
ance of critic rating for similar reasons; this is likely compounded by the fact that we 
have only two external instruments ( AvgPrevRevit and Log

(

1 + AvgPrevRevit

)

 ) for 
both endogenous variables. Lastly, we augment the single instrument for ΔScreen , 

19 We thank an anonymous referee for suggesting this approach.
20 We note that we find significant heteroscedasticity in each first-stage estimation using the Wald test 
for groupwise heteroskedasticity proposed by Greene (2011a, b) for panel data.
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which is not based on lagged level of the variable as the instrument for advertising 
is, to aid in identification.

For ΔUserVariance we create an additional instrument by interacting the 
demeaned ΔPrevUserVolumeDiffGen ( DM(ΔPrevUserVolumeDiffGen) where 
DM(∙) is the demeaning operator) with the residuals from the preliminary first-stage 
estimation of lagged first differenced UserVariance ( ResΔUserVarianceit−1

 ). Our 
expectation is that the size of the variation in the variance of user opinion changes 
as more users leave reviews—we expect ΔPrevUserVolumeDiffGen will capture this 
since it is a relevant instrument for UserVolume . We include the interaction of the 
first-stage residuals for ΔUserVolume with its demeaned lag level to help separately 
identify from ΔUserVariance . For ΔCriticRating and ΔCriticVariance , we cre-
ate two additional instruments by interacting the residuals from both preliminary 
first-stage estimations with demeaned Log

(

1 + AvgPrevRevit

)

 because it is likely 
that critic experience influences both critic rating and the size of the variation in 
critic rating.21 Additionally, we create another Lewbel (2012) style instrument for 
ΔCriticRating using lagged level user rating. The key idea is that the level of disa-
greement among critics may be related to the popular appeal of the film. Also as the 
variance in critical opinion may be related to the popularity of the film, we include 
another instrument for ΔCriticVariance using lagged level user volume. Finally, we 
use lagged level user volume to create another instrument for ΔScreen . This is a 
relevant instrument if studios alter their distribution intensity in response to online 
chatter and if the variation in the size of the response varies with the amount of 
online chatter.

First-stage estimations

We list the descriptive statistics for the traditional external instruments as well as 
the Lewbel (2012) style instruments in Table 11. We show the first-stage estimations 
for our full model in Table 12. The first-stage results indicate the instruments are 
relevant (all first-stage F-statistics are well above 10) and the signs generally con-
form to priors: ΔUserVolume , ΔUserRating , and ΔLog(1 + Advs) are significantly 
identified by using lagged levels; ΔPrevUserVolumeDiffGen has a positive and sig-
nificant impact on ΔUserVolume ; critical experience captured in AvgPrevRevit and 
Log

(

1 + AvgPrevRevit

)

 is significantly related ΔCriticRating22 and ΔCriticVariance ; 
ΔCompScreen significantly identifies ∆Screen. 

Finally, the additional instruments created leveraging heteroskedasticity in the 
preliminary first-stage estimations aid in identification. They significantly impact 
their respective endogenous variables, and they are all significant in other first-stage 
estimations. Note that we do not make predictions of the signs of these additional 

22 We note that impact of critic experience on ΔCriticRating is consistent with our priors since the nega-
tive coefficient on Log

(

1 + AvgPrevRevit

)

 dominates the positive coefficient on AvgPrevRevit for all val-
ues of average experience in our dataset.

21 Additional instruments created using AvgPrevRevit for both critical valence and variance were never 
significant.
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instruments since we do not have theoretical guidance on the impact of higher 
moments (Lewbel 2012). However, the significance of these variables suggests 
they are related to heteroskedasticity in the first-stage estimations (which is what is 
required for identification).

Table 11  Descriptive statistics for instrumental variables

N = 1629
DM(∙) ≡ Variable in parenthesis is demeaned
ResX ≡ Residuals from the preliminary first-stage regression of X . For example, ResΔScreenit are the 
residuals from the preliminary first-stage regression of ΔScreenit

Variables Mean SD Min Max

Instrumental variables
UserVolumeit−2

59.1473 51.7554 0.0000 243.0000
ΔPrevUserVolumeDiffGenit−1

7.8268 6.1679 0.0000 27.0563
UserRatingit−2

6.8291 1.6917 0.0000 10.0000
Log

(

1 + UserRatingit−2

)

2.0009 0.4344 0.0000 2.3979
ΔCompScreenit − 0.0286 1.7560 − 12.4300 24.5400
Log

(

1 + Advsit−2

)

10.4403 5.1960 0.0000 16.8053
AvgPrevRevit−2

521.7126 220.0828 0.0000 1676.5000
Log

(

1 + AvgPrevRevit−2

)

5.7711 1.7562 0.0000 7.4251
Lewbel (2012) style instrumental variables

DM
(

UserVolumeit−2

)

× ResΔUserVolumeit−1
0.0000 516.4667 − 3635.2150 3131.4410

DM
(

ΔPrevUserVolumeDiffGenit−1

)

×ResΔUserVariance
it−1

0.0000 2.3041 − 19.4699 58.4152

DM
(

Log
(

1 + AvgPrevRevit−2

))

× ResΔCriticRatingit−1
0.0000 4.4473 − 25.1672 41.4343

DM
(

UserRatingit−2

)

× ResΔCriticRatingit−1
0.0000 4.0642 − 41.7535 45.5142

DM
(

Log
(

1 + AvgPrevRevit−2

))

× ResΔCriticVarianceit−1
0.0000 0.3886 − 10.6706 2.8255

DM
(

UserVolumeit−2

)

× ResΔCriticVarianceit−1
0.0000 11.0419 − 191.0933 84.8986

DM
(

UserVolumeit−2

)

× ResΔScreenit
0.0000 241.5792 − 1931.5640 1152.4460
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Appendix 2: Robustness check of main model using imdb.com 
and metacritic.com data

We obtain data on critical evaluation from Metacritic.com and consumer evaluation 
from IMDB.com for each movie included in the analysis in a similar fashion as the 
RT data. We use the Metacritic.com and IMDB.com data to calculate variance in 
critic and user valence within a week rather than the variance in average evaluation 
from week to week, something we are not able to do with the RT data. We estimate 
the main models in the paper (Table 7, Models 3 and 4) using this data, along with 
the more precise measures of variance. Descriptive statistics for these variables and 
for the instruments used in this robustness check are in Table 13 (note that we are 
able to identify the endogenous variables in instrumental variable estimation with 
fewer Lewbel style instruments); estimation results are in Table 14. The results are 
qualitatively similar to the findings in the text based on the RT data.
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Table 14  OLS and instrument variables robustness check regression results using GMM estimations

The dependent variable is the first difference of the natural log of weekly movie box office revenue. All 
estimations are with first differences of variable values to control for idiosyncratic movie specific effects
*, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively
(Cluster robust standard errors in parenthesis)
Δ ≡first difference
^Const not separately identified from ΔAgeit(Week)

Robustness check OLS Robustness 
check GMM

Robustness check VIFs

Endogenous variables
ΔUserVolume − IMDBit−1

− 0.0070***
(0.0018)

0.0256***
(0.0055)

1.18

ΔUserRating − IMDBit−1
0.0181
(0.0546)

0.3932***
(0.0892)

1.28

ΔUserVariance − IMDBit−1
− 0.0168
(0.0393)

− 0.0761
(0.0809)

1.20

ΔCriticRating − Metacriticit−1
0.5939***
(0.0754)

0.7982***
(0.1398)

2.08

ΔCriticVariance − Metacriticit−1
0.1818
(0.1589)

− 0.1002
(0.1915)

1.56

ΔScreenit 0.1479***
(0.0252)

0.2359***
(0.0536)

2.51

ΔLog
(

1 + Advsit−1

)

0.0918***
(0.0160)

0.4420***
(0.0796)

1.20

Control variables
ΔCriticVolumeit−1

0.3112***
(0.0250)

0.1839***
(0.0478)

4.34

ΔAge2

it
(Week) − 0.4206***

(0.0795)
− 0.8735***
(0.1551)

1.12

Const^ − 0.0330
(0.0945)

0.2355*
(0.1342)

1.81

Mean VIF 1.83
N 1629 1629
F-value 346.98 276.60
R-Sq. 0.8548
Adjusted R-Sq. 0.8539
F-Stat (p value)/χ2 (p value) for test-

ing CriticalRating > UserRating
32.62***
(< 0.0000)

5.49**
(0.0192)

Tests for endogeneity: relevance and exogeneity of instruments
First-stage F-statistics
 ΔUserVolume − IMDBit−1

40.74***
 ΔUserRating − IMDBit−1

36.83***
 ΔUserVariance − IMDBit−1

95.43***
 ΔCriticRating − Metacriticit−1

24.04***
 ΔCriticVariance − Metacriticit−1

583.45***
 ΔScreenit 10.47***

 ΔLog
(

1 + Advsit−1

)

14.26***

Hansen J-statistic (p value) 3.723
(0.2930)
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