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The Impact of Word-of-Mouth on Purchase Decisions: The Case of Motion Pictures 

ABSTRACT 

 

The authors study the impact of the content of various sources of word-of-mouth on 
movie box-office performance. Prior research in this area has typically either ignored content 
completely, used some simple aggregate proxy measures of content or only analyzed a sub-
sample of the source material. In general, most of the prior research concludes that, in contrast to 
the behavioral theories in this area, the content or valence of the buzz does not impact sales. The 
current research develops a new approach to process the content of both online and offline 
sources of word-of-mouth in the movie industry using computerized text-analysis techniques. 
The approach enables a comprehensive analysis of a large volume of information and obtains 
measures of both the volume and valence of the source material. The relationship between box-
office receipts and the word-of-mouth measures is studied using a Vector Autoregression Model 
(VAR) that accounts for the potential endogeneity between box-office revenues, the volume of 
buzz, the number of screens allocated to the movie and the advertising expenditure.  

The estimation results provide several interesting results. First, in contrast to prior 
empirical research in this area, the authors find that the content of buzz has a significant impact 
on box-office revenues. Further, consistent with theory and findings from consumer behavior and 
behavioral economics negative buzz is found to have a greater impact on sales than positive 
buzz. Second, Granger Causality Tests demonstrate that box-office revenues, volume of buzz, 
advertising and the number of screens are endogenous suggesting that models that ignore these 
feedback effects may produce biased estimates of the impact of buzz. Third, the results show that 
the impact of the content of buzz depends upon its source, so that user content has a significant 
impact on revenues while what critics say does not matter. These results shed light on the way 
people use information from different buzz sources to make their purchase decisions.  

Our modeling approach also permits us to use impulse response functions to obtain 
insights into the long-term impact of the volume and valence of buzz on sales and on the 
relationship between advertising and buzz. The authors address the important managerial 
problem of forecasting box-office performance and show that incorporating the content of pre-
release buzz significantly improves the accuracy of forecasts of opening week box-office 
performance. 

Keywords: Buzz marketing; Word-of-mouth communication; Content Analysis; Movie 
Forecasting.  
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1. INTRODUCTION 

 

Word-of-mouth or “Buzz” marketing is a phenomenon that has created several marketing 

legends. The traffic-stopping retro Beetle, the addictive Pokémon, cuddly Beanie Babies, the 

hair-raising Blair Witch Project are all examples of blockbuster commercial success driven by 

customer hype. People like to share their experiences with one another – the restaurant where 

they ate lunch, the movie they watched over the weekend, the computer they just bought – and 

when those experiences are favorable, the recommendations can snowball, resulting in runaway 

success.  

Word of Mouth (WoM) has been recognized as one of the most influential sources of 

information transmission since the beginning of society, especially for experience goods (Godes 

& Mayzlin, 2004). However, conventional word-of-mouth communication is only effective 

within limited social boundaries and the influence diminishes quickly over time and distance 

(Ellison & Fudenberg, 1995). The advances of information technology have profoundly changed 

the way in which information is transmitted and have transcended the traditional limitations on 

word-of-mouth. Consumers can now easily and freely access information and exchange opinions 

on companies, products and services on an unprecedented scale in real time. Over the past five 

years, this explosion in user communication has even led to services such as P&G Tremor, which 

provides its corporate clients with a means to actually influence buzz. 

Some sources of buzz in the motion picture industry include consumer reviews of movies 

are readily available on websites such as imdb.com and Yahoo! Movies adding a new, rich and 

voluminous source of information from a relevant peer group. Also, in contrast to the one or two 

critic reviews that consumers could previously access in local newspapers, the click of a button 
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on websites like www.rottentomatoes.com and www.metacritic.com permits a reader to access 

critic reviews from all over the country. Of course, traditional sources of word-of-mouth, such as 

interviews with actors and movie reviews that appear in entertainment industry magazines like 

Premiere, Variety and Entertainment Weekly, continue to play a role in creating “buzz” for a 

movie. Blogs, typically websites maintained by a single person on a particular subject, are 

another growing phenomenon. According to a Forbes article, movie blogs provide a unique 

perspective that helps them stand apart from critic reviews. “They bring together some of the 

best professional movie criticism, and the bloggers add some fresh insights of their own, 

generally with the celebrity worship left on the cutting room floor” (Forbes, 2003). Thus, buzz or 

word of mouth is now a much more complex phenomenon comprising a variety of elements both 

online as well as offline.  

Some recent research has started to examine the impact of specific elements of online 

word-of-mouth on consumer choice and purchase decisions (Chatterjee, 2001; Chen et al, 2003; 

Chevalier & Mayzlin, 2003; Dellarocas et al, 2004; Godes & Mayzlin, 2004). However, this 

research has mainly focused on measuring the impact of the volume of online buzz on sales 

(Chen et al, 2003; Godes & Mayzlin, 2004). In other words these studies have only focused on 

the volume dimension of a single source of word-of-mouth, namely, online user reviews, and 

have ignored the impact of traditional media such as newspapers and magazines.  

A substantial body of research in marketing communications and sociology has shown 

that another dimension, namely the content, or what is being said about a new product or service, 

plays an important role in determining the value and impact of these forms of communication 

(Tsiros & Mittal, 2000; Buttle, 1998). This belief is further reinforced by the growing popularity 

of services tracking the content of consumer-generated media or buzz such as AC Nielsen’s 
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BuzzMetrics in the US and MarketSentinel in the UK (MSI Conference, Accelerating Market 

Acceptance in a Networked World, March 2007). These services focus almost exclusively on 

mining the content of online activity such as blogs and user groups and developing measures of 

buzz.  However, while the reported work shows that different products have different levels of 

buzz, it does not show whether and how these measures impact performance variables such as 

sales and profits. 

Academic research relating the content of buzz to performance metrics is also very 

sparse, though Liu (2006) is an important exception. Almost all of the other studies (Chevalier & 

Mayzlin, 2006; Godes & Mayzlin, 2003; Dellarocas, Awad & Zhang, 2004) use the star-rating 

accompanying the review as a measure of the content of the buzz. However, the star rating does 

not actually capture the actual verbal content of the review. Firstly, the star ratings tend to be 

narrowly distributed showing little variance suggesting that the reviews do not differ greatly in 

terms of their opinion. However, this is in contrast to the diversity of comments and opinions 

found on reading the actual reviews. Consequently, it frequently misses out on the richness of the 

valence information contained in the actual words used by the consumer to express their opinions 

on the movie.  

In addition to ignoring content, other studies have also treated the volume of buzz to be 

exogenous to choice (Chen et al, 2004; Dellarocas et al, 2004; Liu, 2006) even though word-of-

mouth activity may be influenced by sales levels. The potential endogeneity of buzz underscores 

the importance of accounting for the bi-directional relationship between buzz and sales to ensure 

that results are robust to this assumption.  

In addition, buzz is also likely to be influenced by advertising (Monahan, 1984; Smith & 

Vogt, 1995).  Prior research also shows that firms frequently use advertising to counter the 
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damage to their reputation from negative word-of-mouth (Smith & Vogt, 1995; Westbrook, 

1987). This makes it important to also account for the possible interaction between advertising 

and consumer buzz in affecting product sales. This interaction has been ignored by the existing 

stream of literature on online buzz, even though whether firms may be expected to treat buzz and 

advertising as either substitutes or complements depending upon the valence of the buzz.  

We base our empirical estimation in the context of the motion picture industry. A large 

body of literature has established that WoM plays an important role in how people choose 

movies (Austin, 1989; Bayus, 1985; Faber & O’Guinn, 1984; Neelamegham & Chintagunta, 

1999; Liu, 2006), which makes this category particularly suitable for our study. We collect box-

office revenues and data on buzz for nearly 200 movies released between January and December, 

2004. The buzz data comes from several online and offline sources including www.imdb.com, 

Yahoo! Movies, critic reviews from www.rottentomatoes.com (a website where critic reviews 

from various sources are aggregated) and newspaper and magazine articles from a variety of 

leading publications across the United States collected from sources including www.lexis-

nexis.com and www.factiva.org. 

A sub-sample of the reviews are used to build a custom dictionary for the text-analysis 

software, Diction, which then forms the basis for our detailed content analysis of the remaining 

reviews. We estimate the parameters of a Vector Auto Regression (VAR) model of movie 

revenues that incorporates these content measures, the volume of buzz, the number of screens 

allotted to a movie, and several other control variables to obtain insights into how the volume 

and content of buzz influences the box office performance of movies.  

This research makes four key contributions. First, we develop a new methodology to 

quantify the content of word-of-mouth communication using text-analysis software. In contrast 
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to the work of Liu (2006), that used multiple independent human raters to measure content, this 

approach (i) analyzes a much larger pool of reviews and (ii) can be carried out in real-time 

fashion making it an extremely useful tool for marketing managers to use the content of pre-

release buzz to generate improved early forecasts of movie box-office performance. Second, in 

contrast to previous work that has typically focused on the overall rating that a review provides, 

our approach explicitly recognizes that most reviews tend to contain both positive and negative 

content in different proportions. We also demonstrate that these two separate dimensions each 

have an impact on box-office revenues. Third, we demonstrate that incorporating the content of 

pre-release buzz is managerially important because it significantly improves the accuracy of 

opening weekend box-office predictions. Prior research also shows that the opening week 

receipts are highly correlated with total box-office receipts for the movie. Consequently, any 

improvement in forecasting the opening week’s performance leads to an improvement in 

forecasting overall box office performance for the movie (DeVany & Walls, 2002; Elberse & 

Anand, 2005). Fourth, we show how consumers respond differently to “official” information that 

originates from the movie studio and to information created by their peers (Elberse, Eliashberg & 

Leenders, 2006). Finally, by examining how buzz and traditional media like advertising impact 

box-office revenues and affect each other, we shed light on whether these different tools act as 

substitutes or complements. 

The remainder of this paper is organized as follows. In the following section, we provide 

a brief background of the existing literature in this area as well as a background of the context 

used in the empirical application. In the subsequent section, we describe our model for the 

empirical analysis. We go on to discuss the data and describe in detail our methodology to 

measure the content of online user reviews. The subsequent sections describe the estimation 
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procedure and results. We conclude by discussing the implications of our results and directions 

for future research.  

 

 

2. RESEARCH BACKGROUND 

 

While interaction across these various sources of buzz extends beyond the traditional 

definition of dyadic relations (Granovetter, 1973; Katz & Lazarsfeld, 1955), yet they share most 

of the properties of traditional word of mouth behavior. Prior studies have shown that word-of-

mouth impacts consumer decision-making, especially in case of choice decisions. In fact, Katz & 

Lazarsfeld found that WoM was seven times more effective than print advertising in influencing 

consumers to switch brands. Due to this, there has been a rich literature on word-of-mouth 

behavior, especially from a behavioral perspective. Researchers have examined the conditions 

under which consumers are likely to reply on others’ opinions to make a purchase decision, the 

motivations for different people to spread the word about a product, and the variation in strength 

of influence people have on their peers in WoM communications. However, most of the 

empirical literature in this area uses the manifested behavior out of word-of-mouth in their 

models. For instance, most studies measure contagion effect which arises out of word-of-mouth 

behavior.  

However, until recently, WoM research relied primarily on experimental methods as 

opposed to studying actual consumer actions in the marketplace. A major challenge in studying 

actual WoM is obtaining accurate data on interpersonal communications. There was a vast 

literature on WoM behavior in the 70s and 80s which waned mostly on account of this issue of 

lack of data. Recently, this literature has had a resurgence with the increased sophistication in 
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communication media and the availability of rich data, especially from online forums. While the 

internet only gives a partial view of interpersonal communications, some recent research 

(Dellarocas et al, 2004) shows that internet measures of WoM could be a good proxy for overall 

WoM. In the rest of this section, we discuss some of the findings from prior literature on the 

impact of specific dimensions of WoM.  

 

Impact of Volume of Buzz 

Typically, the volume of word-of-mouth has been considered as an indicator of the level 

of awareness about the product or service (Berry, 2000; Urban, Weinberg & Hauser, 1996). 

Consequently, one would expect to see a positive relationship between the quantity or volume of 

word-of-mouth and sales revenues. However, there have been inconsistent findings on the impact 

of the volume of buzz on the sales of products and services. Godes & Mayzlin (2004) find that 

the dispersion of conversations across online communities impacts the ratings of new TV shows 

while the volume of conversations does not. On the other hand, Chevalier & Mayzlin (2006) find 

that a higher number of reviews at an online book retailer (such as www.amazon.com and 

www.bn.com) lead to higher sales at that website, which is further corroborated by Chevalier & 

Goolsbee (2003) who analyze book sales on the same website using a different sample. 

Dellarocas, Awad & Zhang (2004) use online movie reviews to forecast movie box-office 

revenues and find that the total number of user reviews posted helps in predicting both first week 

box-office revenues as well as total box-office revenues.  

 

Prior research on movie box-office performance has shown that the number of screens 

allocated to a movie is one of the biggest determinants of total box-office revenues (DeVany & 
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Walls, 1997 & 1999; Ravid, 1999; Sawhney & Eliashberg, 1996; Elberse & Eliashberg, 2003). A 

lot of attention has also been paid to the allocation of screens to movies by exhibitors (Swami, 

Eliashberg & Weinberg, 1999; Eliashberg, Swami, Weinberg & Wierenga, 2001; Elberse & 

Eliashberg, 2003; Krider, Li, Liu & Weinberg, 2005). However, little attention has been paid to 

the impact of buzz on the exhibitors’ screen allocation decision. For instance, pre-release 

publicity (i.e. advertising) has been shown to have a major impact on the number of screens that 

the movie gets at the time of release (Elberse & Eliashberg, 2003). Analogously, one can expect 

that unpaid publicity, such as the volume of buzz, may also positively impact how widely the 

movie is distributed. This leads to our next hypothesis: 

 

 Impact of the valence of buzz 

An examination of previous research on consumer satisfaction provides some useful insights 

into the likely impact of the content of buzz. Tsiros & Mittal (2000) and Buttle, (1998) find that 

the valence of the consumption experience determines the extent to which people talk about their 

product or service encounter. Negative encounters generate more word of mouth as compared to 

positive encounters (Bailey, 2004). Thus, one would expect that the valence of a review to be an 

important component of buzz that has a significant impact on sales.  

 

Surprisingly, however, most previous research on online user reviews finds that the valence 

of buzz has little or no effect on sales. Godes & Mayzlin (2004) find that valence measures based 

on an analysis of the content of 10% of the reviews in their sample are not predictive of a 

television show’s ratings. Dellarocas, Awad & Zhang (2003) find that the volume and dispersion 

of online reviews measured by the “star rating” of each review influences box office 
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performance rather than the valence and content of the reviews. Liu (2006) finds that it is the 

volume and not the valence of reviews that explain box-office performance of movies.  

In summary, most of the recent empirical research on online word-of-mouth suggests that 

the valence of the buzz does not really impact product sales. However, this is contrary to both 

conventional logic as well as most of the traditional literature on word-of-mouth which 

highlights the importance of the valence of the word-of-mouth communication. One possible 

explanation for this anomaly is that previous studies have ignored the actual verbal content of the 

reviews choosing to proxy for it with the summary (star) ratings assigned by reviewers 

(Dellarocas, Awad & Zhang, 2003; Chevalier & Mayzlin, 2006).  A cursory examination reveals 

that a vast majority of reviews contain both positive as well as negative information about a 

movie, which makes it likely that the overall star rating may be missing information. Given 

below are two sample reviews from our dataset that carry the same star rating but seem to 

convey very different sentiments. Whereas the first review is entirely positive in its valence, the 

second review contains both positive as well as negative content and seems more mixed in terms 

of its overall valence.  

Review 1: I figured I'd like 50 First Dates because of the chemistry demonstrated by 

Sandler and Barrymore in The Wedding Singer. Once again, Sandler and Barrymore are 

naturals on screen. This is the best Adam Sandler movie I've ever seen, with great acting on the 

lead's parts. I really enjoyed it, and I think it has a great ending. 

  

Review 2: Sandler pulls it off but just barely. I have to say that this move was very sweet 

and the acting was very good. Unfortunately, the plot and direction were lacking.    
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 In order to test the relative diagnosticity of these two different aspects of valence as well 

as to provide a more nuanced and rich measure of the content of the reviews, we develop a 

content-analysis tool that quantifies the favorability as well as the unfavorability of the review. 

Consequently, we expect that, in line with the traditional beliefs on word-of-mouth, the content 

will play an important role in determining box-office revenues. Furthermore, in line with the 

literature on behavioral decision theory and social psychology (Herr, Kardes & Kim, 1991; 

Aaker, Fournier, Brasel, 2004; Kahneman & Tversky, 1984), we believe that negative 

information should be more diagnostic and have a greater impact than positive word-of-mouth.  

 

Prior research has also highlighted the role of the valence of the buzz in determining the 

screen-allocation strategy followed by movie exhibitors (Eliashberg & Sawhney, 1996). For 

instance, movie exhibitors choose to follow a platform release strategy, characterized by a low 

initial exhibition intensity, which is then gradually increased in response to positive word-of-

mouth. This leads us to believe that similar to its impact on box-office revenues, the valence of 

the reviews will also have an impact on the number of screens allocated to the film.  Articles in 

the popular press also seem to suggest that buzz does seem to have an impact on exhibitors’ 

decisions on how extensively to roll out a particular film. For example, a report in the Los 

Angeles Times (2006) discusses the example of Fox Studios scaling back the number of theaters 

for the release of the film ‘Borat’ in anticipation that the movie would generate a lot of buzz 

following its opening. The studio intended to track the buzz and use that to determine how much 

to increase the distribution intensity for the film. .  

Interaction between Advertising & Buzz 
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Another gap in the literature on buzz is the study of the interaction between traditional 

modes of marketing communication, such as advertising and unpaid forms of marketing 

communication, i.e., buzz marketing. This interaction has been studied to a limited extent in case 

of frequently purchased goods (Lilien, Rao & Kalish, 1981) but these findings may not apply in 

markets where most people purchase the product only once. Early advertising may be expected 

to increase the amount of word of mouth enjoyed by a movie because of the increased awareness 

regarding the movie. This is consistent with prior evidence for the informative role of advertising 

(Ackerberg, 2001; Berndt, 2005). 

 

The realized buzz for a movie, over which a studio has relatively little control, may have 

a significant impact on the advertising strategy implemented  by the studio, which it can control, 

Thus, advertising may be used as a way to counter negative buzz surrounding a movie (Henard, 

2002). On the other hand, given that formation and maintenance of a positive attitude towards 

the brand is a major goal of advertising, firms may actually reduce future advertising when the 

buzz is largely positive. This is reinforced by prior literature which suggests that word-of-mouth 

and advertising may be used as substitutes and that advertising should be reduced in the face of 

positive word-of-mouth (Monahan, 1984; Zufryden, 1996). This is likely to be especially true for 

the movie industry where the product lifecycle is inherently short and advertising serves a mostly 

short-term purpose. On the other hand, Sudhir & Luan (2006) show that word-of-mouth affects 

how advertising is perceived. Thus, word-of-mouth may also complement advertising and extend 

its effectiveness (Hogan, Lemon and Libai, 2005).  

  

Critic versus User Reviews 
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Buttle (1998) and Wirtz & Chew (2002) find that consumers’ evaluation of word of 

mouth information is moderated by the credibility of the source of that information. This is likely 

to have important implications in an online context where the source of information is usually 

unknown and there is no pre-existing tie between the consumer and the source. For instance, 

some users might perceive “expert reviews” or “critic reviews” as more credible than user 

reviews. On the other hand, user reviews come from other consumers who are likely to be more 

unbiased and therefore seen as more credible than critics. Secondly, user reviews which come 

from normal consumers may be more diagnostic to the reader since it may be considered as 

coming from someone who is “just like me” rather than from an expert who may have different 

criterion for judging a movie. Dellarocas, Awad & Zhang (2003) find that user reviews are more 

useful for forecasting revenues than critic reviews. On the other hand, exhibitors, who have to 

make their screen allocation decisions in the very short term, may pay more attention to critic 

reviews.  

2 MODEL 

Our objective here is to measure the impact of the volume and content of buzz on 

movie box-office performance. In order to model the impacts of these buzz measures, we 

first turn to a time series regression approach. As a benchmark model, we can regress box-

office revenues on screens, advertising, buzz volume and valence and movie characteristics 

controlling for deterministic components such as baseline revenues (intercept), time trend, 

seasonality and lags of the dependent variable (Box & Jenkins, 1970). This basic regression 

model may be specified as follows: 
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where 

BoxRev = Box office Revenues, 

t = day subscript, 

�  = constant term,  

BuzzVol = Volume of buzz across different sources, 

PosBuzz = Average % of positive content across buzz sources, 

NegBuzz = Average % of negative content across buzz sources, 

Screens = Number of screens allocated to the movie, 

Advertising = Advertising expenditure in dollars, 

T = deterministic time trend, 

di = dummies for days of the week (using Friday as the benchmark), 

dj = dummies for month of the year (using December as the benchmark), 

MovieChar = vector of movie characteristics, 

K = number of lags of the dependent variable needed to ensure that the residuals are white-noise 

errors (i.e. without any residual autocorrelation).  

 

Notice that the equation above includes only the immediate effects of buzz sources and 

advertising on revenues. In order to be include dynamic effects, we can add lags of the marketing 

actions which yields an autoregressive-distributed lag model (e.g. Hanssens et al. 2001). 

However, even this type of model does not capture the feedback effects from box-office 
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revenues to advertising, screens and the volume and valence of the buzz. For instance, 

advertising may directly increase revenues, receive greater buzz (thereby indirectly increasing 

revenues), and increase the number of screens that are allocated to the movie. These type of 

interactions may either occur immediately or play out dynamically over several days. These kind 

of links can be tested by investigating which variables Granger cause other variables (Granger, 

1969, Hanssens et al. 2001). Granger causality implies that knowing the history of a variable X 

helps explain a variable Y, over and above Y’s own history. This type of ‘temporal causality’ is 

the closest proxy for causality that can be gained from studying the variables’ time series. The 

only other way to examine causality would be through controlled laboratory experiments.  

 

We perform a series of Granger causality tests on each pair of key variables. We note that 

a wrong choice for the number of lags in the test may erroneously conclude the absence of 

Granger causality (e.g. Hanssens, 1980). Therefore, we will run the causality tests for lags up to 

15 time periods and report the results for the lag that has the highest significance for Granger 

causality. If box-office revenues do Granger cause some of the other key variables such as the 

number of screens, buzz volume and so on, then we need to capture these interactions in a full 

dynamic system. To this end, we specify and estimate a vector-autoregressive (VAR) model. 

Compared to alternate specifications, VAR models are especially well-suited to measure 

dynamic interactions among performance and marketing mix variables. Recently, VAR models 

have been used to analyze a wide variety of long-term marketing effects including advertising, 

price promotions and new product introductions (e.g. Dekimpe & Hanssens, 1999; Pauwels et al. 

2002, 2004; Srinivasan et al. 2004).  
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VAR Model Specification 

Recognizing that there exists an endogenous relationship between sales and the number 

of screens allocated to the movie, we want to incorporate the drivers of the supply of screens into 

the model (Elberse & Eliashberg, 2004). Similarly, we also want to account for the fact that not 

only does word-of-mouth affect box-office performance but past sales also affect the volume of 

word-of-mouth in subsequent periods. Consequently, we also want to include the drivers of 

online word-of-mouth into the model.  

 

In order to allow word-of-mouth, the number of screens and advertising to all be jointly 

endogenous with sales, we use persistence (VAR) modeling for our empirical analysis. We draw 

upon extensive prior research on movie box-office performance to determine the exact variables 

to include in the VAR model (Eliashberg & Sawhney, 1996; Elberse & Eliashberg, 2003; 

Dellarocas, Awad & Zhang, 2003; Liu, 2006).  

 

One variable of interest in the prediction and determination of box-office performance 

has been the role of the critic. The impact of the critic has been approached in several ways but 

the majority of studies find that critics play a significant role in determining the success or failure 

of a film. Eliashberg & Shugan (1997) divide the critics into ‘influencers’ and ‘predictors’ and 

show that reviews by ‘influencers’ are able to play a role in determining movie success. These 

are among the first few papers to demonstrate the role of unpaid marketing communication in 

sales forecasting models. However, they do not really consider the content of these reviews 

which is the main focus of this research. The growth of internet discussion boards and forums 

has also made available to consumers a host of opinions from non-professional reviewers, i.e. 
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other consumers. There is extensive research in the consumer behavior area on the role played by 

opinion leaders in the diffusion of product-related information (King & Summers, 1970; 

Leonard-Barton, 1985; Chan & Misra, 1990). Since expertise in the domain area is one of the 

key dimensions of opinion leadership (Myers & Robertson, 1972), we can think of film critics as 

opinion leaders. However, it is interesting to examine if the conventional wisdom on the power 

of opinion leadership still holds at a time when it is just as easy for non-experts to make their 

opinions heard by posting their reviews on the word wide web. We include both these sources of 

buzz separately and compare them in terms of their impact on not only box-office revenues but 

also the number of screens and advertising budget allocated to the movie.  

 

Litman (1983) was amongst the first to develop a multiple regression model to predict the 

success of films. The original independent variables in this work include movie genre, MPAA 

rating, a dummy indicating whether or not there is a superstar in the case, production costs, 

dummy indicating whether the production company is a big studio or an independent company, 

production budget, Academy Awards and release date. Levene (1992) found in a survey study 

that plot, subject and word-of-mouth are amongst the most important determinants in an 

individual’s decision to watch a movie. Radas & Shugan (1998) developed a model that captures 

the seasonality of the motion picture industry. Einav (2001) investigates the seasonality in the 

underlying demand for movies and the seasonal variation in the quality of movies released. Other 

trend variables that are commonly included in movie revenue models include the number of 

weeks since release, weekend dummy and a long-weekend dummy (Elberse & Eliashberg, 2003; 

Moul, 2006). Sawhney & Eliashberg (1996) develop a model where the consumers’ decision is 

divided into two steps, namely, time to decide and time to act and find that movies with 




	�
�

restrictive MPAA ratings perform worse at the box office than movies without restrictive ratings. 

Their findings are also corroborated by Ravid (1999) and Austin & Gordon (1987). Hennig-

Thurau, Houston & Walsh use path analysis to study the interactions between the different 

success factors driving movie performance. All of the above research suggests that there are a 

variety of factors influencing movie success. This paper continues this tradition and examines the 

impact of these variables on movie sales as well as on other important determinants of movie 

success, namely, the number of screens, the volume of buzz and the advertising expenditure for 

the movie.  

 

We construct a VAR model where the volume of word-of-mouth, advertising and the 

number of screens are all determined endogenously with movie sales. The order of the VAR 

model is based on the Schwarz’s Bayesian Information Criterion. The model can be written out 

as follows: 
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 In the above model, XREV, XWOM, XADV and XSCR are the exogenous 

variables associated with each of the endogenous variables. We proceed with the rest of the 

analysis as follows. First, we test for evolution of all the variables in our study. A priori, we 

expect to find the revenue and word-of-mouth variables to be evolving. We then take logarithms 

on both sides while estimating the VAR model. This allows us to directly interpret the short- and 
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long-term performance impact estimates are directly interpretable as elasticities (Nijs et al. 

2001).  

 

VAR modeling is commonly applied to quantify short- and long-run market response 

(Dekimpe & Hanssens, 1999). We note two features of this approach. First, the endogenous 

treatment of buzz implies that it is explained both by its own past and the past of the box-office 

revenues. In other words, this dynamic model estimates the baseline of each endogenous variable 

and forecasts its future values based on the dynamic interactions of all jointly endogenous 

variables. Secondly, dynamic effects are not a priori restricted in terms of time, sign or 

magnitude. The sign and magnitude of any dynamic effect need not follow any particular pattern 

– such as the imposed exponential decay pattern from Koyck-type models.  

 

Next, impulse response functions are derived from the VAR model. The impulse 

response functions represent the over-time impact of a unit shock to any endogenous variable on 

the other endogenous variables. Following Dekimpe & Hanssens (1999), we use generalized 

impulse response functions (or simultaneous shocking) to ensure that the ordering of the 

variables in the system does not affect the results. Following Nijs et al. (2001), we determine the 

duration of the shock (maximum lag k) as the last period in which the impulse response function 

has a t-statistic with an absolute value that is greater than 1. In the context of our research 

questions, we use impulse response functions to disentangle the short and long-run effects of 

buzz and advertising on box-office revenues.  

 

DATA, VARIABLES AND MEASURES 
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We use daily box-office performance for the top 25 movies playing at the box-office 

every week from January 2004 to December 2004 from ���
�������������
��� . We have in our 

dataset a total of 193 movies and 8256 data points. We also collected information on movie 

characteristics such as: 

Studio/Producer 

Number of Screens allocated to the movie per day 

Production Budget for the movie 

MPAA Rating 

Genre 

Star Power 

Director Power 

 

We created a couple of variables to denote competitive effects. Specifically, we created 

two different measures to represent the competition faced by a movie for the allocation of 

screens. The first measure is the number of new releases in the current week’s Top 25 and the 

second measure is the average age of the movies in the week’s Top 25 list. We also create a 

measure to represent the competition faced by the movie for revenues. For this, we count the 

number of movies in the current week’s Top 25 list that are of the same genre or have the same 

MPAA rating as the movie under consideration divided by the age of the competing movie. The 

logic behind this measure is that people are more likely to be choosing between movies of the 

same genre or rating rather than from the entire spectrum of movies playing at the time. 

Secondly, we divide this measure by the age of the movie to include the implicit assumption that 
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even within the subset of movies similar to the focal movie, older movies pose less of a 

competitive threat than new movies. These measures of competitive effects are consistent with 

prior litature on box-office performance (Elberse & Eliashberg, 2003). We also include two 

dummy variables, one for the month and the other for long weekends to account for seasonal 

fluctuations which are known to occur in the movie industry (Moul, 2006).  

 

Apart from this data on box-office performance and movie characteristics, we also 

collected data on word-of-mouth or buzz related to the movie from a number of online as well as 

offline sources. We believe that this is the most comprehensive dataset on online word-of-mouth 

used in this stream of literature so far. Firstly, we have a set of measures of the volume of word-

of-mouth across a variety of sources, namely: 

·  Number of user reviews on ����������
����
���  

·  Number of user reviews on �������������
� ���
���  

·  Number of critic reviews on �������������
� ���
���  and 

����������
!����"��� ����
���  (duplicates are only counted once) 

·  Number of blog mentions from ����������
����"�! ��
���  

·  Number of magazine articles from ����������
#����$"����
���  and 

����������
� ���� 
���  

·  Availability of movie website (Dummy Variable) 

 

Apart from the volume of word-of-mouth, we also measured the content of the word-of-

mouth from these different sources. The following section describes the methodology used to 

measure the content of the word-of-mouth related to the movies in the dataset.  
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4.1 CONTENT ANALYSIS 

 

As previously discussed, the internet has made it extremely easy for consumers to go 

online and post their opinions on products and services. While this has made it possible for 

marketers and researchers to observe word-of-mouth activities in a natural, real-world setting, 

the exponential increase in the volume of material available has also made it more difficult to 

process as highlighted by Godess & Mayzlin (2004) and Liu (2006). An important objective of 

our research is to develop a new methodology that can process the large volume of material and 

develop measures for its content, while avoiding the use of sampling (loss of information) and 

the use of human coders (expensive and time-consuming).  

 

Previous researchers seem to agree that the valence of the communication is a basic 

measure of the content of word-of-mouth communication (Tybout, 1981; Wirtz, 2002). Since 

online users typically provide ratings of the product of service, in addition to a descriptive verbal 

review, researchers have generally ignored the latter and used the accompanying star ratings as a 

summary measure of its content (Chevalier & Mayzlin, 2005; Dellarocas, Awad & Zhang, 2005; 

Hu, Pavlou & Zhang, 2006). One important reason behind the use of star ratings instead of the 

verbal reviews themselves is the staggering number of reviews that are written, several hundred 

reviews for a single movie on a single website is the norm.  

 

However, there are several reasons why overall (“star”) ratings may not be the best 

measure of the valence of the user reviews. First, ignoring the actual comments, involves 

throwing away information about the content that may have an impact on a consumer reading the 
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review. Second, as shown by Hu, Pavlou & Zhang (2006), the average of the online ratings (the 

measure used in most of the research on online word-of-mouth) does not reflect the true quality 

of the product or service. They test the underlying distribution of the valence of the reviews and 

find that the reviews for most products have a bimodal and non-normal distribution. 

Consequently, using the mean of the ratings for forecasting or any other kind of econometric 

analysis could be potentially misleading. By measuring both the positive and negative elements 

of the reviews, our measure provides a more reliable indicator of the true valence of these 

reviews. Finally, as we found in our own analysis, the same review frequently contains both 

positive and negative information about the product, which may not be reflected in the star 

rating.  

 

As a starting point to the text-analysis, we first randomly picked 1,000 reviews from ten 

different movies (100 for each movie) and asked three independent human raters to read the 

reviews
  and provide a star rating based on the text they had read. The inter-rater agreement of 

the star ratings was 0.83, which indicates that the reviewers did not judge the content of the 

reviews in exactly the same way. Further, the correlation between the average star rating 

assigned by the human raters and the star ratings assigned by the review writers themselves was 

only 0.61. This indicates that there may be significant differences in what different reviewers 

communicate in their reviews and what readers may glean from them, underscoring the 

importance of directly capturing the valence in the source material. 

 

���������������������������������������� �������������������
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Liu (2006) uses an alternative approach, which requires human coders to rate reviews for 

all movies in a dataset and classify them into a set of five discreet categories. While this 

approach avoids the problem of using the overall rating provided by the review, it does not try to 

capture the content of the review directly. Secondly, it still does not allow for both the positive 

and negative elements of the review to be captured and included in the econometric model. The 

process is also extremely labor-intensive thereby making it extremely difficult to implement this 

approach to be used for improving forecasts on a real-time basis.  

 

We attempt to rectify all of these issues through our method. We develop a methodology 

that is feasible and far less time-consuming than using human raters while still being accurate 

and comprehensive.  

 

In order to implement our method, we use a computerized text-analysis approach. The 

text-analysis software has a set of built-in dictionaries to search the text for phrases that denote 

positive and negative valence. We used the software to measure the number of words in each 

review, the number of ‘positive’ words in the review and the number of ‘negative’ words in the 

review.  

A major advantage of using this method is that rather than use only a single summary 

measure for each review, we use a measure of both the positive and negative information 

contained in the review. Secondly, this method does not require us to choose a subsample of 

movies on which to perform the text analysis. Finally, our method uses computer tools that can 

be used by managers and studio analysts for forecasting purposes. See Table 1 for summary 

statistics on the important explanatory variables used in the model.  



���
�

 

The following figure represents the steps in our text-analysis process: 

 

 

 

 

 

 

 

 

 

 

Dictionary Building: In order to ensure that Diction captures all the adjectives used to describe 

movies in general, a human rater read through over 5,000 user reviews, critic reviews and 

magazine articles pertaining to 25 randomly selected movies and made a list of all the adjectives 

(positive as well as negative) that had been used to describe the movie or the cast or any other 

aspect of the movie. These descriptive adjectives were added to Diction’s in-built dictionary, 

which has been compiled from over 22,000 texts taken from such diverse areas as politics and 

poetry. This step was taken to ensure that Diction is able to recognize the words that are 

frequently used by consumers while reviewing movies and use them to measure the valence of 

the review.  
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Analyzing Reviews Using Diction: One of the key differences between our methodology for 

content analysis and prior literature in this area is the use of computer software to perform the 

bulk of the analysis. Due to the large number of user reviews posted on the internet for any given 

movie, it becomes extremely difficult to translate the reviews into usable numerical measures of 

the content that can be plugged into forecasting models in real time. The analyst is compelled to 

either use only a sample of the reviews thereby potentially introducing either sampling bias or 

loss of information into the model or to use human raters for content analysis which can be 

extremely tedious and expensive. There are also problems of finding suitable human raters and 

factors such as human fatigue that might impact the accuracy of the analysis. By using automated 

software to perform the analysis, we are able to ensure consistency of method and also vastly 

improve the speed of the process.  

 

In this step, we basically run all the reviews through Diction and obtain measures of the 

number of positive and negative words included in each user review. In order to be able to 

examine the differential impact of each medium, we treat online user reviews separately from 

offline sources such as magazines and newspaper articles. 

 

Human Analysis and Reliability Checks: Although the use of text-analysis software makes it 

significantly easier to analyze the content of word-of-mouth, it also brings up issues of reliability 

and accuracy. It becomes important to ensure that we are not losing out on accuracy by moving 

away from human coders and relying on an automated process to come up with these content 

measures. In order to test the reliability of the measures generated by Diction, we used three 

independent human raters to count the number of positive and negative words in 5,000 randomly 
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sampled reviews. First, we tested for inter-rater correlation and found a minimum correlation of 

0.92 between any two raters. We then tested the correlation between the measures generated by 

Diction for each of these reviews with the average rating given by the human raters. We found a 

correlation of 0.87 between the measures generated by Diction and the average of the human 

raters.  

 

4. RESULTS AND DISCUSSION 

 

Augmented Dickey-Fuller tests were used to test for the presence of unit roots in the data. 

The box-office revenues and the volume of word-of-mouth were found to be evolving. Table 2 

provides the details of the unit-root test results. We find no co-evolution and therefore proceed 

with a VAR(p) model for the rest of the analysis. The order of the VAR model is based on 

Schwarz’s Bayesian Information Criterion (add citation here). Stationary variables are included 

in levels while difference-stationary variables are included in differences.  

 

The estimated VAR model, with the appropriate lags determined by the Schwarz 

Bayesian Information Criterion showed a good fit, with an R2 of 0.89. For model validation 

purposes, we compare the fit of the model with a base model which has no other endogenous 

variables. Compared to the base model, our model always yields lower values for Akaike’s 

information criterion and the Bayesian information criterion. The VAR model is then used to 

simulate the over-time effects of one standard error word-of-mouth shocks and one standard-

error advertising shocks to the system using impulse response functions. This yields estimates of 

the incremental effects of word-of-mouth and advertising on the response variable relative to its 
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baseline. We shock word-of-mouth first, allowing for contemporaneous effects on revenues, 

screens and advertising. Within the framework of the impulse-response functions derived from 

the VAR model, the immediate word-of-mouth effect is the effect of a one-standard deviation 

shock in the volume of word-of-mouth on the response variable. This immediate effect is 

captured by the variance decomposition of the impulse response functions that allows us to 

separate the direct impact of word-of-mouth on box-office revenues from its indirect impact via 

advertising and screens. The substantive results are described below.  

 

5.1 Impact of the Volume of Buzz 

 

We find that consistent with all the prior literature in this area (Chevalier & Mayzlin, 

2006; Liu, 2006; Godes & Mayzlin, 2004), the volume of buzz does have a positive impact on 

sales revenue supporting Hypothesis 1 and reaffirming the popular adage, ‘Any publicity is good 

publicity’. The short-term elasticity of the volume of consumer-generated word-of-mouth on 

revenues is positive and significant at 0.418. Thus, it seems that the studios rightfully engage in 

activities such as asking cast members to appear on talk shows, having the director appear on 

radio interviews and so on that get people talking about the movies.  

 

We also find support for Hypothesis 2. Thus, the volume of buzz no only impacts box-

office revenues directly but also indirectly by inducing exhibitors to increase or sustain the 

distribution intensity for the movie.  
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In addition, we also find positive and significant elasticity estimates for the volume of 

other exogenous buzz measures such as the number of newspaper articles (0.153), the number of 

magazine articles (0.105), the number of blog mentions (0.13) and the number of critic reviews 

(0.166) on movie revenues. The website presence dummy is not significant at the 95% level.  

These exogenous buzz measures appear to have a smaller impact on the screen allocation 

decision. The number of newspaper articles (0.083) and magazine articles (0.09) and the number 

of critic reviews (0.102) have a positive impact on the number of screens allocated to the movie. 

However, the number of blog mentions and the website dummy are insignificant at the 95% 

level.  

 

5.2 Impact of the Valence of the Buzz 

 

We find empirical support for Hypothesis 3 implying that the affective content of the 

buzz or the valence does indeed have an impact on revenues. The elasticity of the ratio of 

positive words in the user reviews is 0.087 while the elasticity of the ratio of negative words in 

the user reviews is -0.107 thereby supporting Hypothesis 3a as well. This is in line with research 

in the consumer behavior literature which shows that negative information has greater 

diagnosticity (Ito, Larsen, Smith and Cacioppo, 1998).  

 

The valence of the review does not seem to matter quite as much in case of newspaper 

and magazine articles. The ratio of positive words in newspaper articles pertaining to the film has 

an elasticity of 0.031 while the ratio of negative words in newspaper articles has an elasticity of -

0.029. The ratio of positive words in magazine articles has an elasticity of 0.048 while the ratio 
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of negative words in magazine articles is statistically insignificant. The ratio of positive words in 

critic reviews has an elasticity of 0.071 while the ratio of negative words in critic reviews has an 

elasticity of -0.095. Here again the negative information seems to have a bigger effect than the 

positive content in the review.  

 

The impact of the valence of various buzz measures on the screen-allocation decision is 

also found to be significant. The elasticity of the positive content of user reviews on the number 

of screens is 0.051 while the elasticity of the negative content of user reviews is -0.0482.  

 

5.3 Interaction between Advertising & Buzz 

Our main interest is in examining the interaction between advertising and consumer-

generated buzz and how they influence one another. We find that in line with H5, advertising 

does have a significant positive impact (elasticity = 0.304) on the volume of consumer-generated 

buzz for a movie.  

 

Another interesting issue is the use of advertising and buzz as complements or 

substitutes. This would imply that favorable buzz would induce firms to reduce future 

advertising while negative buzz would cause firms to increase their advertising expenditure. 

However, we find that no such effects in the data and reject H6 and H6a. One possible reason for 

this is the difficulty associated with monitoring the consumer buzz, especially in terms of its 

valence.  

 

5.4 Critic versus User Reviews 
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Prior research (Holbrook, 1999) has shown that there are some fundamental differences 

in the way experts and ordinary consumers evaluate motion pictures. While these two sources of 

opinion are not negatively correlated, it appears that they do use different criteria to form their 

judgments. In line with this literature, we find that user reviews actually have a bigger impact on 

movie revenues as compared to critic reviews (elasticity of number of user reviews = 0.279 as 

opposed to 0.418 for the volume of user reviews). We find similar patterns for the valence 

measures as well. However, we find support for Hypothesis 7b and find that the results are 

reversed when it comes to the impact of reviews on screens. Here, the critic reviews play a 

bigger role (elasticity of critic reviews = 0.359 vs. 0.306 for user reviews). Since exhibitor 

contracts often guarantee a certain minimum run even before the movie is released, these 

contracts are probably mostly influenced by pre-release buzz. Since most consumers don’t have 

much information regarding the movie prior to its release, critic reviews would intuitively seem 

to have a bigger effect on these contracts.  

 

 

5.5 Results from Forecasting Opening Week Box-Office Performance  

One of the biggest challenges facing studios is forecasting box-office performance based 

on the limited information available to them early in the life-cycle of the movie. Consequently, 

we wanted to evaluate the feasibility of using pre-release buzz to predict the opening week box-

office performance of a movie. This forecast is especially important because it is used by studio 

managers and exhibitors to make important decisions regarding the number of screens to allocate 

to the movie, the advertising budget for the movie and other marketing inputs. Good forecasts 
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help studios and theaters better plan screening capacity and potentially optimize exhibition 

contracts. Prior research also finds that it is most difficult to predict box-office performance in 

the early part of the movie’s life-cycle. We find that we are able to significantly reduce the 

forecasting error by including the volume and content of pre-release buzz as compared to prior 

models (The RAE is 55% with the benchmark model while the RAE is only 47% with our 

model).  

  

6. CONCLUSION/SUMMARY 

This is one of the first attempts at measuring the actual content of word of mouth using 

techniques that are fast and feasible and useful to practitioners. We develop a methodology that 

combines human coding of a small subset of content with computerized content-analysis to yield 

reliable results that are quantifiable and can be used in predictive models of box office 

performance. This technique is easily adaptable to a variety of contexts including analyzing 

media stories, user reviews, transcripts from focus groups and so on.  

 

Our research shows that the impact of the content of word of is comparable to the impact 

of advertising on box-office performance (See Tables 3 & 4 for comparison of elasticities). 

Advertising is the biggest component of the marketing budget for movies. Thus, our research 

highlights the importance of word-of-mouth in case of experiential goods such as movies and 

books. Managers are only starting to pay attention to the internet word-of-mouth and our model 

provides a feasible way to use early buzz on products and services for forecasting purposes.  
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We also find that using the content of word of mouth for forecasting purposes improves 

the accuracy of our forecasts. This is especially important in the context of movies and other 

short life-cycle products where word of mouth provides early information on how the product is 

being received by consumers.  

 

Although our research goes further than any previous research in terms of capturing the 

content of word-of-mouth, we realize the need to develop richer measures of content that go 

beyond volume and valence. While computerized text-analysis software is able to measure 

valence with reasonable reliability, it is far more challenging to adapt these tools to measure 

other dimensions of content such as source credibility and the focus of the conversation which 

have been found to be important indicators of the effectiveness of word-of-mouth 

communication. An important direction for future research is to develop feasible methods to 

measure these other dimensions of content 

 

Another crucial gap in this area is to study the evolution of online word of mouth and the 

drivers of online word of mouth. While this research shows that online word-of-mouth affects 

box office performance, it is not quite clear how managers can influence the volume and valence 

of online word-of-mouth. By gaining a better understanding of the drivers of online word-of-

mouth, managers can include word-of-mouth in their marketing plans and develop tools to 

influence the same.  
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TABLE 1: Summary Statistics for Key Independent Variables 

 

Variable 
Mea

n 
Min 

Ma

x 

Budget 
4398

1.4 

35.0

0 

225

000 

Advertising Expenditure 
1399

1.1 
9.5 

356

42.3 

Number of Days in Theaters 52 14 231 

Star Power 
38.1

7 
0 100 

Number of Imdb Reviews 963 42 
334

8 

Number of Yahoo Reviews 716 103 
152

52 

Number of Critic Reviews 132 31 354 

Number of Magazine Articles 16 2 58 

Number of Positive Words in a User Review 14 1 28 

Number of Negative Words in a User Review 5 1 12 
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Number of Positive Words in a Magazine Article 7 1 11 

Number of Negative Words in a Magazine Article 3 1 6 
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Table 2: Results of Augmented Dickey-Fuller Test 

 

 ADF Statistic 5% Critical 

Value 

Unit Root? 

Revenue 2.81 3.45 Yes 

WoM 3.05 3.45 Yes 

Advertising 9.08 3.45 No 

Screens 8.93 3.45 No 

 

 

Table 3: Content of Word of Mouth Effects on Box Office Revenues 

 Revenues Screens Advertising 

 Elas

ticity 

t-

stat 

Elasti

city 

t

-stat 

Elas

ticity 

t-

stat 

Volume of 

user word of mouth 

0.41

8 

2.

01** 

0.306 1

.99** 

0.30

4 

2

.16** 

Ratio of 

positive words in user 

reviews 

0.08

7 

1.

88** 

0.051 1

.65** 

0.04 1

.21 
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 Ratio of 

negative words in user 

reviews 

-

0.107 

1.

72** 

-

0.0482 

1

.75** 

-

0.03 

1

.19 

# of critic 

reviews 

0.16

6 

1.

88** 

0.359 2

.01** 

0.03 0

.99 

Ratio of 

positive words in 

critic reviews 

0.04

5 

1.

80** 

0.17 0

.85 

0.16 1

.28 

Ratio of 

negative words in 

critic reviews 

-

0.018 

1.

24 

-0.16 1

.29 

0.05 1

.68** 

# of 

Newspaper articles 

0.15

3 

2.

01** 

0.083 1

.86** 

0.02 0

.95 

Ratio of 

positive words in 

newspaper articles 

0.03 3.

18** 

0.018 2

.53** 

0.16 1

.13 

Ratio of 

negative words in 

newspaper articles 

-

0.029 

2.

64** 

-

0.017 

1

.24 

-

0.05 

0

.85 

# of magazine 

articles 

0.10

5 

1.

92** 

0.09 1

.94** 

0.18 2

.31** 
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Ratio of 

positive words in 

magazine articles 

0.04

9 

1.

53 

0.05 1

.67** 

0.09 2

.18** 

Ratio of 

negative words in 

magazine articles 

-

0.018 

1.

79** 

-0.10 1

.81** 

0.27 2

.25** 

# of Blog 

Mentions 

0.13

3 

1.

92** 

0.16 0

.75 

0.19 1

.01 
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Table 4: Advertising Elasticities 

 Elasticity t-

stat 

Revenues 0.351 3.

18** 

WoM 0.194 2.

99** 

Screens 0.163 3.

04** 
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Figure 1: Impulse Elasticity Functions: Impact of a Shock in WoM on Revenues, Screens & 

Advertising 

 

  

$�
�

$�
�

$�



�

�



�
�

�
�

�
�

�
�

�
�


 � � � � � � � 	 
� 

 
� 
� 
� 
� 
� 
� 
� 
	 ��

���
���

���
���

�

	��

%���"&�� '�!��"� (���!����")

�



���
�

Figure 2: Impulse Elasticity Functions: Impact of a Shock in Advertising on Revenues, 

Screens & WoM 
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