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This dissertation contains three essays that study the implications of online search activity for 

new-product marketing. Using the U.S. motion picture industry as a test case, the first essay 

examines the dynamic causal relationship between traditional media, consumers’ media 

generation activity, media consumption activity, and market demand of movies. Consumers’ 

media generation and consumption activities around movies are operationalized by the blog 

volume and search volume of those movies. I develop three separate models—a pre-launch 

period model, a post-launch period model, and an opening-week model—and examine the 

relationship between them separately for each period. As the focal variables are jointly 

determined, I introduce instruments and explain how to correct for endogeneity bias. I find that 

consumer searching activity is a key mediator between advertising, consumer blogging activity, 

and market demand. 
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The second essay examines the pre-launch advertising effectiveness of new products using 

online search indexes as the response variable. I model the relationship between the advertising 

schedule and the online search volume process during the pre-launch period of movies. The 

model incorporates consumers’ willingness-to-search and the time-varying effectiveness of 

advertising as key elements that influence online search volume at specific times. The model is 

represented in a Bayesian dynamic linear model framework and applied to the U.S. movie 

industry. The empirical analysis reveals important features of consumers’ pre-launch interest 

development for new products. First, consumers’ pre-launch responses to advertising are 

substantially influenced by the timing of advertising. Second, advertising effectiveness varies 

over time as a function of past advertising outlay. Third, the time-to-launch effect and time-

varying advertising effectiveness vary substantially across movies. The estimation results are 

used to suggest a more effective pre-launch advertising schedule.  

The third essay provides an explanation of the varying predictive power of online search 

volume by examining the effects of consumers’ quality perception on the search activity for and 

actual demand of new products. I hypothesize that both the perceived quality and quality 

uncertainty of a new product increase consumers’ search activity for the new product, while only 

perceived quality positively influences the conversion of search activity into actual demand. 

Using the U.S. movie industry as a test case, I find that both perceived quality and quality 

uncertainty are positively associated with the pre-launch search volume of movies, whereas only 

perceived quality positively influences the conversion of pre-launch searches into opening-week 

revenue. Similar findings are maintained in the post-launch period analysis. These findings imply 

that systematic over-/under-prediction of market success may occur if managers use an online 

search index without considering the effects of quality and quality uncertainty of new products.  
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1. Introduction 

 

1.1. Overview of the Dissertation 

This dissertation contains three essays that study the implications of online search activity for 

new-product marketing. Consumer online search activity is important for marketers for at least 

three reasons. First, search activity is a media consumption activity, not a media generation 

activity. Second, collective search intensity for a product may represent consumers’ collective 

interest in the product. Third, search activity is universal online behavior of consumers, as 91% 

of U.S. adult Internet users use search engines in their everyday lives (The Pew Research Center, 

2012). Despite its importance, marketing research to date has not paid enough attention to the 

implications of consumer online search activity. Perhaps the difficulty in data collection is a 

reason for the lack of research.  

Google Trends, a public service by Google, has changed this. It provides a weekly search 

index of keyword queries entered into the Google search engine from 2004 to the current time. 

This tool has enabled marketing researchers to monitor how consumer interest changes on a 

weekly basis for specific products. The three essays in this dissertation use Google search indices 

as the main data source and investigate various implications of collective online search activity 

for new-product marketing. Specifically, the essays attempt to answer the following questions.  

 Essay 1: What is the causal relationship between traditional media, consumers’ media 

generation activity, their media consumption activity, and the market outcome of a new 

product?  

 Essay2: How is the advertising effectiveness of a new product determined in its pre-

launch period?  
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 Essay3: When is online search volume a good market predictor and when is it not? How 

does consumers’ quality perception influence their search behavior and actual demand?  

To answer the questions, I use empirical approaches. I gather observational data from the U.S. 

movie industry. For each movie in the data set, I collect information regarding weekly search 

volume, weekly advertising spending, weekly blog volume, weekly revenue, and various movie 

characteristics. Then I develop appropriate empirical models and apply them to the data set to 

answer the research questions. 

The first essay examines the causal relationship between advertising, consumer media 

generation activity, media consumption activity (i.e., consumer search activity), and product 

consumption. I develop three separate models—a pre-launch period model, a post-launch period 

model, and an opening-week model—and answer the research question separately for each 

period. As the focal activities are jointly determined, I suggest variables that are related to 

exogenous variations in the media generation and media consumption activities and explain how 

to identify the causal relationship between the jointly determined variables. 

Several interesting findings emerge. First and foremost, I find that consumer search activity 

plays a pivotal role throughout a movie’s life cycle. Pre-launch blog volume does not explain the 

variation in opening-week revenue once pre-launch search volume is controlled for. After 

opening week, weekly search volume is the key mediator between weekly advertising, blog 

volume, and revenue: weekly search volume fully mediates the relationship between blog 

volume and revenue. Second, I find that advertising is the main driver of movie revenue 

throughout a movie’s life cycle. The pre-launch search volume is influenced by pre-launch 
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advertising, but not by pre-launch blog volume. After opening week, the effectiveness of 

advertising on movie revenue is almost twice as large as that of blog volume. 

The second essay examines the pre-launch advertising effectiveness of new products. To this 

end, I model the relationship between advertising schedule and the online search volume process 

of new products during their pre-launch periods. I propose consumers’ changing willingness-to-

search and time-varying effectiveness of advertising as two critical elements that influence 

online search volume at a specific pre-launch time. I develop a state-space model that 

incorporates these two elements. The dependent variable is the weekly online search volume of a 

movie and the key covariate is the movie’s weekly advertising spending. I estimate the model in 

the Bayesian dynamic linear model framework.  

The empirical analysis reveals important features of consumers’ pre-launch interest 

development for new products. First, consumers’ pre-launch response to advertising—in the 

form of keyword search—is substantially influenced by the timing when the advertising is 

conducted. Pre-launch advertising more efficiently triggers consumer search in the weeks that 

immediately precede the release time than in the weeks that are far in advance of release. Second, 

advertising effectiveness is not constant but varies over time. It is influenced by features of the 

advertising schedule such as the passage of time since the first advertising, the amount of the 

previous period’s advertising, and the existence of an ad hiatus period. Third, the time-to-launch 

effect and time-varying advertising effectiveness vary substantially across movies. This 

heterogeneity is explained by movie characteristics such as director power and whether the move 

is a sequel. The estimation results are used to suggest a more effective pre-launch advertising 

schedule.  
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The third essay aims to explain when collective online activity of consumers is a good 

predictor for new-product demand versus when it is not. While early studies in this area report 

that collective online activity of consumers provides excellent predictive performance for new-

product demand (Goel et. al., 2010; Kulkarni, Kannan, and Moe 2012; Mao, Counts, and Bollen 

2011; Mestyan, Yasseri, and Kertesz 2012; Wu and Brynjolfsson 2009), recent studies report that 

the excellent predictive performance of collective online activity of users is limited to certain 

products (e.g., Wong, Sen, and Chiang 2012).  

I focus on the role of consumers’ quality perception of products—the perceived quality and 

the perceived uncertainty about the quality of products—in influencing their search activities and 

actual purchase. I hypothesize that both perceived quality and quality uncertainty of a product 

increase consumers’ search activity for the product, while only perceived quality—and not 

perceived uncertainty about quality—positively influences the conversion from search to actual 

demand.  

Through an empirical analysis involving theatrically released movies, I find supporting 

evidence for the hypotheses. First, when it comes to the pre-launch search volume and opening-

week revenue of movies, I find that 1) both perceived quality and quality uncertainty about a 

movie increase the pre-launch search volume of the movie; 2) only the perceived quality 

positively moderates the conversion of pre-launch search volume into opening-week revenue. I 

extend the analysis to the post-launch period and find the same results by use of different 

operationalizations of quality and quality uncertainty. Our findings imply that managers should 

interpret with caution the market demand predicted with online search volume (e.g., Kulkarni, 

Kannan, and Moe 2012). 
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In sum, my dissertation examines managerial implications of collective consumer search 

activity for new-product marketing. The first essay aims to understand the big picture. It 

examines how consumer search activity is related to other important variables such as 

advertising, consumer generated media, and sales. The second essay examines how advertising 

effectiveness is determined in the pre-launch period of a new product. I model the relationship 

between advertising and collective search activity of consumers in pre-launch period of movies. 

The third essay aims to provide an explanation for the varying predictive performance of online 

search volume. By focusing on the role of perceived quality and quality uncertainty in generating 

search volume and actual demand, I explain that online search volume can systematically over-

/under-predict market outcome.  

While the three essays require a search volume metric that is comparable across products, the 

search index from Google Trends is comparable only across time for a given product. To 

compare search volume across products, I propose a method that transforms the weekly Google 

search index to a metric that is comparable across products as well as across time. With the 

proposed method in chapter 5, researchers will be able to construct data sets that contain cross-

sectionally comparable search volume metrics for their own analyses.  

I believe that collective online search activity of consumers can provide valuable business 

intelligence for new-product marketing. My dissertation has aimed to find such implications by 

applying a few ideas to the U.S. movie industry. I hope my dissertation adds new insights to the 

marketing area.  
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2. The Dynamics of Consumers’ Media Generation, Media Consumption, and New-

Product Demand 

 

2.1. Introduction 

Consumer online activity around new products generally appears in two distinct forms: media 

generation (e.g., review posting, rating, and blogging) and media consumption (e.g., searching, 

reading, and watching). While media generation and consumption may have different effects on 

market outcomes, research to date has mainly focused on consumers’ media generation, leaving 

the causes and effects of media consumption less studied. The objective of this study is to 

examine the dynamics between advertising, consumers’ media generation, media consumption, 

and market outcomes around new products.  

The motion picture industry is an ideal test case. First, hundreds of new movies are produced 

each year, enabling researchers to collect a large sample of new movies with diverse 

characteristics. Second, as a movie is an experiential good, word-of-mouth plays a critical role in 

making movie-going decisions (Chintagunta, Gopinath, and Venkataraman 2010; Liu 2006). 

Accordingly, both media generation and media consumption are common in the movie industry. 

Third, compared to other products, it is relatively easy to measure consumers’ media generation 

and media consumption activities about movies. For media generation activities, there are many 

online forums, blogs, and review sites from which researches can collect word-of-mouth about 

movies. For media consumption activities, researchers may use keyword search indices of 

movies. In our study, as the measure of consumer media generation activity about a movie, we 

use the number of blog postings about the movie. Blogs are preferred over user reviews for our 

research questions because blog posts about a movie are written even before the movie is 
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launched. That is, blog postings about a movie are generally available long before the movie is 

released, enabling researchers to examine the pre-launch relationship between the focal variables. 

As the measure of media consumption activity about a movie, we use the Google keyword search 

index. 

To answer the research questions, we develop three separate models: a pre-launch period 

model, a post-launch period model, and an opening-week model. The pre-launch period model is 

a panel data model that examines the relationship between advertising, blog volume, and online 

search volume over the pre-launch period. The post-launch period model is a panel data model 

that examines the relationship between advertising, blog volume, online search volume, and 

movie revenue over the post-launch period. The opening-week model is a cross-sectional data 

model that examines the effects of pre-launch blog and search volume on the opening-week 

revenue of movies. In all models, it is challenging to find causal relationship between the focal 

variables as they are simultaneously determined. We find variables that are related to exogenous 

variations in the blogging and search activities and explain how to identify the causal effects.  

To the best of our knowledge, this is the first study that examines the relationship between 

advertising, consumers’ media generation, media consumption, and market outcomes. First, we 

find that consumer search activity plays a pivotal role throughout a movie’s life cycle. Pre-

launch blog volume does not explain the variation in opening-week revenue if pre-launch search 

volume is controlled for. After opening week, search activity is the key mediator between 

advertising, blogging activity, and revenue. Especially, search volume fully mediates the 

relationship between blog volume and revenue. This means that blog postings do not influence 

revenue as long as they are not searched for and viewed. This also means that weekly blog 

volume does not explain variation in weekly revenue if weekly search volume is controlled for. 
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Second, we find that advertising is the main driver of movie revenue throughout a movie’s life 

cycle. The collective pre-launch searching activity of consumers, which has a significant positive 

effect on opening-week movie revenue, is influenced by pre-launch advertising, but not by pre-

launch blogging activity of consumers. After opening week, the effectiveness of advertising on 

movie revenue is almost twice as large as that of blog volume. Furthermore, we find that blog 

postings need to be searched for them to influence revenue, whereas the majority of advertising 

effect is realized without consumer online search. Third, blogging activity and searching activity 

have different antecedents and consequences across the pre-launch and post-launch periods. In 

the pre-launch period, blogging activity and searching activity do not interact with each other; in 

the post-launch period, the two interact with one another and influence revenue.  

The remainder of the study is organized as follows. In the next section, we summarize 

previous research. We then describe our movie data set. Next, we develop three models to 

answer our research questions. We apply them to our movie data set and discuss the findings and 

managerial implications. We then formulate conclusions and areas for future research. 

 

2.2. Relevant Research 

To understand the contribution of this study, we briefly review previous studies that examine the 

antecedents and consequences of consumers’ media generation and consumption activity.  
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2.2.1. Consumer Media Generation 

Godes and Mayzlin (2004) use online conversations to measure word-of-mouth (WOM) 

communication and show that the dispersion of WOM is positively associated with ratings of 

new television (TV) shows. Chevalier and Mayzlin (2006) use online reviews and ratings at 

Amazon.com to study the causal relationship between online ratings and book sales. They find 

that an improvement in book ratings leads to an increase in relative sales.  

In the motion picture sector, Liu (2006) finds that WOM volume offers significant 

explanatory power for both aggregate and weekly box-office revenue, especially in the early 

weeks after release. However, he does not find explanatory power from WOM valence. Similarly, 

Duan, Gu, and Whinston (2008a, 2008b) find that box-office sales are significantly influenced by 

the volume of reviews, but not the valence of reviews. Chintagunta, Gopinath, and 

Venkataraman (2010), on the contrary, find that valence captured by the average user rating 

explains designated market area (DMA)-level opening-day box-office revenues, while the 

volume and variance of ratings do not.  

More recently, researchers have started to pay attention to blogs, a new form of online 

consumer-generated media (CGM). Dhar and Chang (2009) show that future sales of music 

albums are positively correlated with the volume of blog posts about the albums. Onishi and 

Manchanda (2012) find that advertising and blogging are synergistic, and cumulative blogs are 

predictive of market outcomes. Gopinath, Chintagunta, and Venkatraman (2011) find that the 

volume of blogs has significant effects on opening-week movie sales, but after release it is the 

valence of blogs that is predictive. Stephen and Galak (2012) examine how earned media—both 

traditional earned media (e.g., publicity and press mentions) and social earned media (e.g., blogs 

and online community posts)—affect sales in the microlending market place. They find that, 
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because of greater frequency of social earned media activity, the elasticity of sales to social 

earned media is substantially greater than that to traditional earned media.  

Other streams of research examine the effectiveness of social media versus commercial 

media in acquiring customers. Villanueva, Yoo, and Hanssens (2008) find that customers who 

are acquired through WOM add more long-term value to the firm than customers who are 

acquired through advertising. Trusov, Bucklin, and Pauwels (2009) find that WOM referrals 

have substantially longer carryover effects than traditional marketing actions in acquiring new 

members at an Internet social networking site. 

When it comes to the antecedents of online CGM, previous literature finds that advertising, 

the volume of the previous period’s CGM, and current and past market outcomes are positively 

correlated with the volume of the current period’s online reviews and blog postings (Duan, Gu, 

and Whinston 2008a; Duan, Gu, and Whinston 2008b; Liu 2006; Onishi and Manchanda 2012).  

In sum, previous research has examined diverse sources of online CGM ranging from 

newsgroup conversations, online reviews, ratings to blog postings. Various aspects of online 

CGM have been studied including volume, valence, and dispersion. The product categories that 

are examined are mainly experiential goods such as TV shows, books, movies, and music albums. 

Most previous studies have examined sales or revenue as the consequence of online CGM, while 

some studies have focused on metrics such as customer acquisition and the long-term value of 

consumers acquired through WOM. 
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2.2.2. Media Consumption 

Contrary to media generation activity, media consumption activity is difficult to measure in the 

real world. Perhaps for this reason, previous studies on consumers’ media consumption 

predominantly focus on the antecedents of the activity by use of laboratory experiments or 

surveys (Beatty and Smith 1987; Moorthy, Ratchford, and Talukdar 1997; Punj and Staelin 1983; 

Srinivasan and Ratchford 1991).  

 It is rather recently that researchers have begun to examine the relationship between 

consumers’ media consumption and business metrics such as advertising and sales. Kulkarni, 

Kannan, and Moe (2012) find significant improvement in predicting opening-week box-office 

movie revenue by including pre-launch online search volume. Examining the relationship 

between TV advertising and keyword search in the financial services market, Joo, Wilbur, and 

Zhu (2012) find that TV advertising influences consumers’ search activity for branded keywords, 

but not their search activity for generic keywords. Yang et. al. (2012) develop an individual 

consumer-level model to examine consumer WOM generation and consumption decision and 

apply it to survey data collected from the automobile industry. They find that consumers’ 

propensity to generate WOM is positively correlated with their media exposure whereas their 

propensity of consuming WOM is mixed. Kim (2013) examines how pre-launch advertising 

influences consumers’ pre-launch search activity.  

To summarize, prior empirical studies to date have mainly focused on consumers’ media 

generation activities; it is only recently that researchers have begun to pay attention to media 

consumption activity in real-world business environments. Furthermore, those recent studies do 

not consider the mutual relationship between media generation and consumption. As a result, the 

managerial implications of media consumption are not well appreciated. By examining the 
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dynamic relationship between advertising, blog volume, online search volume, and revenue in 

the U.S. motion picture industry, we aim to provide new insights for new-product managers. 

Table 2.1 summarizes the relevant previous research mentioned above to help understand the 

contribution of this study. 

Table 2.1: Comparison of Relevant Studies 

 

 

Study 

Variables Examined 

Traditional  

Media 

Consumer-

Generated 

Media 

Media 

Consumption 

(Search) 

Market  

Outcome 

Chevalier and Mayzlin (2006) 

Dhar and Chang (2009) 

Duan, Gu and Whinston (2008a) 

Duan, Gu and Whinston (2008b) 

Godes and Mayzlin (2004) 

Liu (2006) 

Stephen and Galak (2012) 

 √  √ 

Chintagunta, Gopinath, and Venkataraman (2010) 

Gopinath, Chintagunta, and Venkataraman (2011) 

Onishi and Manchanda (2012) 

Trusov, Bucklin, and Pauwels (2009) 

Villanueva, Yoo, and Hanssens (2008) 

√ √  √ 

Beatty and Smith (1987) 

Punj and Staelin (1983)  

Srinivasan and Ratchford (1991) 

Moorthy, Ratchford, and Talukdar (1997) 

  
√  

(drivers of 

search 

behavior) 

 

Joo, Wilbur, and Zhu (2012) 

Kim (2013) 
√  √  

Kulkarni, Kannan, and Moe (2012) √  √ √ 
Yang et. al. (2012) √ √ √  
This study √ √ √ √ 
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2.3. The Data 

Our database consists of 153 movies, most of which were released in 2009. For each of the 153 

movies, we collect weekly advertising spending, weekly blog volume, weekly search volume, 

and weekly box-office revenue from 30 weeks before its release through 10 weeks after the 

release. To use as instruments in estimating our models, we also collect various movie 

characteristics, the weekly Google search index of the keyword “opening movie,” and weekly 

traffic to the five most popular blog sites—i.e., blogger.com, tumblr.com, wordpress.com, 

squarespace.com, and posterous.com.   

 

2.3.1. Advertising and Box Office Revenue 

Our advertising data covers the major media outlets such as television, print, radio, and outdoor 

expenditure as collected by Nielsen. The average advertising spending of the 153 movies is $21 

million with 80% of the advertising budget spent in the pre-launch periods or during the release 

week. Box-office revenue is collected from The Numbers (www.the-numbers.com). One 

hundred and forty-two movies were exhibited for at least 10 weeks, and the shortest movie run 

was five weeks. The median U.S. box-office revenue is $44 million. Figure 2.1(a) shows weekly 

advertising spending and box-office revenue averaged across the 153 movies. 

 

2.3.2. Blog Postings and Search Volume 

Weekly blog postings for each movie were collected from the Google blog search engine 

(www.google.com/blogsearch). To minimize noise in the data collection process, we constrained 

our search for blogs whose titles contain at least one of the following words: movies or films. Our 
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general rule of constructing search keywords for blog postings is <movie title> + “movie”.
1
 For 

example, to find blog postings of the movie Avatar, we used the keyword “Avatar movie.” For 

movies with long titles, reduced search keywords were used. For instance, to search for blog 

postings of the movie Bad Lieutenant: Port of Call New Orleans, we searched for the postings 

that contain the keyword “Bad Lieutenant” in their title. For each week of each movie, we 

repeated the search practice five times and used the mode or median of the number of blog 

postings so gathered.  

For weekly search volume of movies, we relied on Google Trends. Google Trends shows the 

weekly search index of the entered keyword. The raw index provided by Google is normalized to 

conceal the actual search volume of the keyword entered into the Google search engine. This 

normalization creates a difficulty for analyzing the effect of search volume across movies. We 

propose a method that transforms the raw search index of Google to a cross-sectionally 

comparable search volume measure. The detailed methodology of collecting weekly Google 

search indices of movie keywords and transforming them into cross-sectionally comparable 

measures can be found in chapter 5, the appendix to the dissertation. Figure 2.1(b) and 2.1(c) 

show how the average blog volume, search volume, and revenue change on a weekly basis over 

the movie lifecycle.   

                                                           
1
 We developed several different versions of search keywords and found that the keyword <movie title> + “movie” 

is the most appropriate in the sense that it produced the highest fit with the movie’s observed advertising and launch 

schedules. 
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Figure 2.1: Weekly Trends of Advertising, Blog Volume, Search Volume  

and Box Office Revenue 

 
(a) Average Weekly Advertising Spending and Box Office Revenue (N=153) 

 

(b) Average Weekly Blog Volume and Box office Revenue (N=153) 

 
(c) Average Weekly Search Volume and Box office Revenue (N=153) 
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2.3.3. Other Variables 

We collect the weekly Google search index of the keyword “opening movie,” weekly traffic to 

the five most popular blog sites, and various movie characteristics. They are used as instruments 

in estimating our models, which will be introduced in next sections.  

The weekly search index of the keyword “opening movie” was collected from Google Trends. 

Using the search filters of Google Trends, we consider only the search activities made in the U.S. 

and in the movie industry. The weekly traffic of the five most popular blog sites (i.e., 

blogger.com, tumblr.com, wordpress.com, squarespace.com, and posterous.com) was collected 

from Alexa.com, a subsidiary of Amazon.com. Alexa collects daily traffic information of 

websites based on a global panel of toolbar users. The panel consists of millions of people using 

toolbars created by over 25,000 publishers, including Alexa and Amazon. We aggregate the daily 

reach of the five blog sites at the weekly level to create the weekly total reach of the blog sites. 

Figure 2.2 exhibits the weekly search index of the keyword “opening movie” and the weekly 

reach of the five blog sites, from the first week of 2008 to the last week of 2009.  
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Figure 2.2: Weekly Search Index of the Keyword “Opening Movie” and 

Weekly Traffic to the Five Blog Sites 

 
 

 

We also collect various movie characteristics. They include genre, MPAA rating, monthly 

seasonality, whether the movie is a sequel, average critic rating, and director power. For the 

director power, we collect three variables: total revenue of past movies with which the focal 

movie’s director was involved as either a director, writer, or producer, since 1990 up to one 

calendar year before the focal movie’s release; average user rating of such movies; and the 

standard deviation of user ratings of such movies. Descriptive statistics on the movie 

characteristics can be found in section 4.3. Table 2.2 summarizes the variables and their sources.  
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Table 2.2: Variables and Data Sources 

Category Variable Source of Data 

Marketing activities Weekly advertising spending Nielsen 

Weekly number of screens  The numbers 

Focal endogenous 

variables 

Weekly blog postings Google blog search engine 

Weekly search volume Google Trends 

Weekly revenue The-numbers 

Movie Characteristics Genre, MPAA rating, Sequel IMDb 

Average critic rating [range: 1 – 100] Metacritic 

Director power variables IMDb 

Monthly Seasonality: January-April; May-August; 

September-October, November-December 

Einav (2007) 

Ho, Dhar, Weinberg (2009) 

Holiday National holiday  

Others Weekly Google search index of the keyword “opening 

movie” 
Google 

Daily reach of the five popular blog sites Alexa.com 

 

2.4. The Model 

Our model consists of three sub-models: the pre-launch period model, the post-launch period 

model, and the opening-week model. The pre-launch period model examines the causal 

relationship between advertising, blog volume, and search volume. As such, the pre-launch 

period model consists of two equations whose dependent variables are weekly blog volume (blog 

equation) and weekly search volume (search equation). The post-launch period model consists of 

three equations whose dependent variables are weekly blog volume (blog equation), weekly 

search volume (search equation), and weekly revenue (revenue equation). The opening-week 

model examines the effect of pre-launch search volume and pre-launch blog volume on opening-

week revenue after controlling for the effects of other relevant variables. As such, the opening-

week model is a cross-sectional data model.  
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Let us first discuss the panel data models. Our specifications for the pre-launch and post-

launch period models are based on the following key considerations:  

 First, we treat weekly advertising spending as an exogenous variable, following Elberse 

and Anand (2007); Eliashberg, Elberse, and Leenders (2006); and Onishi and Manchanda (2012).   

 Second, covariates of each equation consist of weekly advertising and the weekly 

endogenous variables that are not the dependent variable of the focal equation. For example, the 

covariates of the search equation of the post-launch period model consist of weekly advertising, 

blog volume, and revenue. Determining the lag length of each covariate is discussed later. 

 Third, the lagged dependent variables of a focal equation are not included as covariates of 

the equation. For instance, the lagged search volume is not included on the right-hand-side (RHS) 

of the search equation. Instead, we include sufficiently many lags of advertising and other 

endogenous variables. This is a common modeling approach adopted in the representative 

studies on the movie market (Basuroy, Desai, and Talukdar 2006; Elberse and Eliashberg 2003; 

Liu 2006).  

 Fourth, on the RHSs of each of blog and search equations, we include a variable that is 

associated with exogenous variations to the dependent variable of the equation. In the search 

equation, we include the weekly Google search index of the keyword “opening movie”; in the 

blog equation, we include the weekly reach of the five most popular blog sites. 

 Fifth, we include the time-specific effect but not the individual movie-specific effect in 

each equation. In the panel data model, it is usually recommended to control for unobserved 

individual or time effects. However, when the lagged endogenous variables are included on the 

RHS, controlling for individual-specific effects leads to inconsistent estimators (Baltagi 1995). 

An alternative is to include only the common intercept in each equation. This approach is 



- 21 - 
 

supported if cross-sections (i.e., each movie in our case) do not have significantly different 

individual fixed effects after controlling for the covariates. We conducted Holtz-Eakin (1988) 

test to examine if there exist significantly different individual fixed effects. The test results 

showed that there is no supporting evidence for significant individual fixed effects. As such, we 

include only the common intercept in each equation.  

 Sixth, based on unit-root test results, we first-difference the pre-launch period model but 

not the post-launch period model.  

 Seventh, we need to determine the lag lengths of the explanatory variables. There is a 

trade-off in determining the lag lengths of covariates. More lags are preferred to mitigate the 

effects of potential model misspecification (Enders 2004). On the other hand, including many 

lags reduces the degrees of freedom of the model. Also, if the time-series variables in the data set 

are highly serially correlated, including lagged values can cause the multicollinearity problem. 

Table 2.3 shows the serial correlation coefficients of variables in the pre- (equations (2-1) and (2-

2)) and post-launch (equations (2-3) – (2-5)) models.  

Table 2.3: Serial Correlation Coefficients of the Main Variables 

(a) The Variables in the Pre-Launch Period Model 

 Δ(Advertising) Δ(Search) Δ(Blog) 

Serial Correlation Coefficient -0.181 -0.234 -0.235 

             Δ represents first-differencing. 

 (b) The Variables in the Post-Launch Period Model 

 Advertising Blogs Search Revenue 

Serial Correlation Coefficient 0.707 0.505 0.903 0.895 
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The serial correlation coefficients in Table 2.3 suggest that including lagged explanatory 

variables in the post-launch period model can cause a serious multicollinearity problem. As such, 

we include only the contemporaneous explanatory variables in the post-launch period model. 

The serial correlations of the variables of the pre-launch period models are weak. Therefore, in 

the pre-launch period model, we include as many as four lags of the explanatory variables to 

mitigate the misspecification problem that might result from including insufficient number of 

lags.  

 Finally, movie characteristics are not included on the RHSs of the equations. They are 

reserved for instruments (Elberse and Eliashberg 2003). 

With the above considerations, the pre- and post-launch period models are developed as follows.  

 

2.4.1.  The Pre-Launch Period Model 

The pre-launch period model is specified by equations (2-1) and (2-2).  

 (2-1)                

4 4
A S

it k it k k it k

k 0 k 0

B c B B

it t it

ln(Blog ) ln(Ad ) ln(Search )

ln(Traffic to blog sites) c u

 

 

      

      

 
 

 (2-2)                

4 4
A B

it k it k k it k

k 0 k 0

S c S S

it t it

ln(Search ) ln(Ad ) ln(Blog )

ln(Volume of keyword 'opening movie') c u ,

 

 

      

      

 
 

where Δ represents first-differencing. Blogit is the blog volume, Adit is the advertising spending, 

and Searchit is the search volume of movie i in pre-launch week t. The column vector cit is the set 

of control variables that might influence the blog volume and search volume of movie i in week t. 
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In our analysis, cit consists of the holiday dummy variable. B

t  and S

t  are the week-specific 

effects of pre-launch week t. We assume that the errors are uncorrelated across equations: 

B S

it itCov(u ,u ) 0  for any i and t.  

 

2.4.2. The Post-Launch Period Model 

The post-launch period model is specified by equations (2-3) – (2-5). 

 (2-3)                

A S R

it it it it

B c B B

it t it

ln(Blog ) ln(Ad ) ln(Search ) ln(Revenue )

ln(Traffic to blog sites) c u

   

   
 

 (2-4)               

A B R

it it it it

S c S S

it t it

ln(Search ) ln(Ad ) ln(Blog ) ln(Revenue )

ln(Volume of keyword 'opening movie') c u

   

   
 

 (2-5)               

A B S

it it it it

D c R R

it it t it

ln(Revenue ) ln(Ad ) ln(Blog ) ln(Search )

ln(Scrns ) c u

       

     
 

Blogit is the blog volume, Adit is the advertising spending, Searchit is the search volume, and 

Revenueit is the weekly revenue of movie i in post-launch week t. The vector cit is the variables 

other than our focal variables that might influence the weekly blog volume, search volume, and 

revenue. cit consists of the holiday dummy variable. B

t , S

t , and R

t are the week-specific effects 

of post-launch week t. In the blog and search equations, we include weekly revenue to examine 

how movie consumption influences consumers’ blogging (blog equation) and searching (search 

equation) activity. As the number of screens is a critical determinant of movie revenue, we 

control for the screen effect in the revenue equation. We assume that the errors are uncorrelated 

across equations: B S B R S R

it it it it it itCov(u ,u ) Cov(u ,u ) Cov(u ,u ) 0    for any i and t.  
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2.4.3. The Opening-Week Model 

The objective of the opening-week model is to examine the effect of advertising and the pre-

launch blog and search volume on the opening-week revenue of movies. It is a cross-section 

model as only one data point is observed per movie in the opening week. The model is specified 

as follows.  

(2-6)             

i 0 1 i 2 i

3 i 4 i

5 i 6 i

R

7 i 8 i i

ln(Open_Revenue ) ln(Open_Ad ) ln(Open_Scrns )

ln(PreLaunch_Blog ) ln(PreLaunch_Search )

(Open_Blog ) (Open_Search )

(Holiday ) (Critic_Review ) u ,

     

  

  

   

 

where Open_Revenuei is the opening-week revenue of movie i, Open_Adi is the opening-week 

advertising spending, Open_Scrnsi is the number of opening-week screens, PreLaunch_Blogi is 

the blog volume cumulated during the pre-launch period of movie i, PreLaunch_Searchi is the 

search volume cumulated during the pre-launch period of movie i, Open_Blogi is the opening-

week blog volume, Open_Searchi is the opening-week search volume, Holidayi is the indicator 

whether movie i’s opening week contains any national holidays, and Critic_Reviewi is the 

average critic rating of movie i as collected from Metacritic.com. Other movie characteristics are 

reserved for instruments.  

 

2.4.4. Endogeneity and Identification of the Pre- and Post-Launch Period Models 

The dependent variables in our panel data models are jointly determined. We rely on covariance 

restrictions and exclusion restrictions to identify the causal relationship between the jointly 
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determined variables. First, the covariance restrictions use the assumption that the error terms are 

uncorrelated across equations for each movie and week. They are used to identify the 

contemporaneous causal effect of revenue on blogging and search activities. Second, the 

exclusion restrictions are used to identify the effect of blogging and search activities. The 

exclusion restrictions are achieved if we find exogenous variables that influence only the focal 

endogenous variable but not the others. For example, in order to identify the causal effect of 

weekly search volume on weekly revenue (the parameters S

k  in equation (2-5)), we need to find 

at least one exogenous variable that is associated with weekly search volume, but not weekly 

blog volume and weekly revenue. The exogenous variables should be included on the RHS of the 

equation of the corresponding endogenous variable. Also, the exogenous variables should be 

used as instruments in the equations where the corresponding endogenous variable is included as 

a covariate. In the following subsections, we explain how to identify the model. 

Exogenous Variation in the Weekly Blog Volume of a Movie. We propose that the overall 

weekly blogging activity of the Internet user population—i.e., the blogging intensity across all 

topics and items—is an exogenous source of variation in the weekly blog volume of individual 

movies, but not in the weekly search volume and weekly revenue of the movies. The intuition is 

that the overall blogging activity in a week, which is triggered by various exogenous factors, 

may be positively related to consumers’ blogging activity about specific topics—including 

individual movies—in that week. If this is the case, the overall blogging activity of Internet users 

in a week can provide a source of exogenous variation for weekly blog volume about any 

blogging topic, including the individual movies in our data set. On the other hand, as individual 

movies’ advertising spending will hardly contribute to the overall blogging activity of the entire 

Internet user population, the weekly advertising spending of individual movies should not be 
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correlated with the weekly overall level of blogging activity of the Internet user population. Also, 

there will be little, if any, connection between the weekly overall blogging activity of the Internet 

user population and movie consumers’ interest and consumption decisions for specific movies.  

Following the above argument, we include the weekly overall blogging activity of the 

Internet user population in the blog equation and exclude it from the search and revenue 

equations. Assuming that the weekly reach of popular blog sites represents the overall weekly 

blogging activity of the Internet user population, we include the weekly reach of the five most 

popular blog sites in the U.S. (blogger.com, tumblr.com, wordpress.com, squarespace.com, and 

posterous.com) as a covariate of the blog equation. In the search and revenue equations, we use it 

as an instrumental variable for the weekly blog volume variable.  

Exogenous Variation in the Weekly Search Volume of a Movie. For a source of exogenous 

variation in the weekly search volume of individual movies, we propose the weekly Google 

search index of the keyword “opening movie.” The search index of the keyword “opening movie” 

reflects consumers’ interests in recently released or soon-to-be released movies. As consumers’ 

generic interests in opening movies may spill over to individual movies that have been released 

recently or will be released soon, the weekly search index of the keyword “opening movie” 

should be associated with the search volumes of such individual movies. For example, 

consumers may first search with the keyword “opening movies” and then narrow down to the 

movies that are available now or in the near future (Rutz and Bucklin 2011). In contrast, as the 

search volume of the keyword “opening movie” represents the searchers’ generic interest in 

theatrically released movies without a specific movie under consideration, the advertising 

spending of an individual movie should not contribute to the search volume of the keyword 

“opening movie.” In the same line of reasoning, there will be no significant association between 
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the weekly blog volume of individual movies and the weekly Google search index of the 

keyword “opening movie.”  

Based on the above argument, we include the weekly search index of the keyword “opening 

movie” in the search equation and exclude it from the blog and revenue equations. In the blog 

and revenue equations, we use it as an instrumental variable for the weekly search volume of 

individual movies.  

Identifying the Effects of Revenue on Blog Volume and Search Volume. Unexpected shocks in 

the supply side (e.g., an unexpected increase or decrease of the weekly number of screens from 

the consumer perspective) can create an exogenous variation to the weekly revenue of individual 

movies, but not to the weekly blog volume and search volume of the movies. However, such 

unexpected shock in the supply side is not readily observable to researchers. To identify the 

causal effect of the weekly revenue of a movie on its weekly blog volume and search volume, we 

rely on the assumption that the error term of the revenue equation (2-5) is contemporaneously 

uncorrelated with the error terms of the blog and search equations (2-3) and (2-4). That is, 

R B R S

it it it itCov(u ,u ) Cov(u ,u ) 0  . This assumption is justified if unobserved factors in a post-

launch week do not influence the weekly search volume, blog volume, and revenue 

simultaneously in that week. For example, suppose that in the weeks containing national 

holidays, more consumers search, blog, and watch movies. In this situation, if the model does not 

include the holiday dummy variable, then the assumption R B R S

it it it itCov(u ,u ) Cov(u ,u ) 0   may 

not hold. To mitigate any simultaneous effects of unobserved factors on search, blog, and 

revenue, the model includes the holiday dummy variable as well as the week dummy variables in 

each equation. 
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Under the assumption of R B R S

it it it itCov(u ,u ) Cov(u ,u ) 0  , we can use the residuals from (2-5), 

R

itû  as an instrument for the log of weekly revenue, ln(Revenueit) in (2-3) and (2-4). The intuition 

is that if the parameters in (2-5) are known, R

itu is effectively known. By the covariance 

restriction, R

itu  is uncorrelated with B

itu  and S

itu , whereas it is partially correlated with 

ln(Revenueit). Thus, we effectively have R

itu  as an instrument available for estimating the blog 

and search equations. The estimation procedure is as follows. First, we estimate (2-5) by an 

instrumental variable technique and save the residuals, namely R

itû . Then we estimate the blog 

and search equations using R

itû  as the instrument for ln(Revenueit). The fact that R

itû  depends on 

estimates from a prior stage does not affect consistency of the estimators of the blog and search 

equations (Wooldridge 2002, p. 207).  

 

2.5. Estimation 

 

2.5.1. Estimation of the Pre- and Post-Launch Period Models 

To each equation of the model, we apply a generalized method of moments (GMM) procedure 

that accommodates the arbitrary serial correlation in the error term. Let i be the index for a movie 

(i = 1, …, N) where N = 153 and t be the index for time (t = 1, …, Ti). In the pre-launch period 

model, Ti = 30 for each movie; in the post-launch period model, Ti = 10. Let yit be the dependent 

variable of the estimation equation, xit be the corresponding row vector of explanatory variables, 

and zit be the corresponding row vector of instruments. For movie i, let yi be the Ti×1 vector of 

the dependent variable of the focal equation, obtained by stacking yit from t = 1, …, Ti. Xi and Zi 

are similarity constructed by stacking xit and zit.  
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For each equation, the GMM estimation steps are as follows. (i) For the focal equation, apply 

the 2SLS estimation and obtain residuals. (ii) Use these residuals to obtain the GMM weighting 

matrix that is robust to arbitrary serial correlation of the error term. (iii) With the weighting 

matrix, estimate the parameters of the focal equation by GMM. The GMM weighting matrix in 

step (ii) is in (2-7).  

(2-7)                                                   
1

N1

i i i ii 1

ˆ ˆˆ ˆW N Z u u Z





   , 

where 
i

ˆ̂u  is the Ti×1 vector of residuals obtained from the 2SLS regression in (i). The GMM 

estimator and its asymptotic robust covariance matrix are  

(2-8)                                  

 

    

1

GMM

1 1
N N N

GMM i i i i i i i ii 1 i 1 i 1

ˆ X ZWZ X X ZWZ Y,

ˆ ˆ ˆ ˆ ˆ ˆ ˆˆ ˆV( ) X X X u u X X X ,



 

  

    

       
 

where X, Z, and Y are obtained by stacking Xi, Zi, and yi from i = 1, …, N, 
1

i i i i i iX̂ Z (Z Z ) Z X  , 

and 
i i i GMM

ˆû y X   . In the post-launch analysis, we first estimate the revenue equation and 

obtain R

it it it GMM
ˆû y x   , the GMM residual of the revenue equation. Then we use R

itû  as an 

instrument in estimating the blog and search equations.   

The following variables are used as instruments. 

 Blog equation: weekly advertising spending, weekly search index of the keyword 

“opening movie,” weekly traffic to the five blog sites, the holiday dummy variable, movie 

characteristics, the week dummy variables, and residuals from the revenue equation (for the post-

launch period model). 
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 Search equation: weekly advertising spending, weekly search index of the keyword 

“opening movie,” weekly traffic to the five blog sites, the holiday dummy variable, movie 

characteristics, the week dummy variables, and residuals from the revenue equation (for the post-

launch period model). 

 Revenue equation: weekly advertising spending, weekly search index of the keyword 

“opening movie,” weekly traffic to the five blog sites, the holiday dummy variable, movie 

characteristics, and the week dummy variables. 

 

2.5.2. Estimation of the Opening-Week Model 

The opening-week model is a cross-section data model. The GMM estimator for this model is 

similar to (2-7) and (2-8) except that the cross-section heteroskedasticity, instead of the arbitrary 

serial correlation, is considered to construct the weighting matrix W in (2-7).  

The opening-week model contains the following endogenous variables: the opening week’s 

advertising spending, the number of opening screens, the opening-week blog volume, and the 

opening-week search volume. As such, for instruments, we include the total pre-launch 

advertising spending of the movie, the Google search index of the keyword “opening movie” in 

the movie’s launch week, the traffic to the five blog sites in the movie’s launch week, and 

various movie characteristics. 
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2.6. Empirical Results 

Table 2.4 shows the results of the pre-launch analysis, comparing the ordinary least squares 

(OLS) results with the GMM results.
2
  

Table 2.4: Estimation Results: Pre-Launch Period (N=153, T=30) 

(a) Blog equation (DV: log of weekly blog volume) 

 OLS GMM 

Variable Coef. SE P-val. 
 

Coef. SE P-val.  

Ad, same week 0.020 0.009 0.031 
*** 

0.027 0.011 0.010 
*** 

       one week ago 0.012 0.007 0.110  0.015 0.009 0.114 
 

       two weeks ago -0.004 0.007 0.607  -0.011 0.010 0.289 
 

       three weeks ago 0.007 0.009 0.430  -0.001 0.011 0.957 
 

       four weeks ago 0.015 0.010 0.132  0.012 0.009 0.214 
 

Searching, same week 0.101 0.015 0.000 
*** 

-0.042 0.109 0.701 
 

                  one week ago -0.018 0.013 0.159  0.015 0.113 0.896 
 

                  two weeks ago -0.019 0.011 0.089 
* 

0.072 0.097 0.458 
 

                  three weeks ago -0.029 0.009 0.001 
*** 

-0.008 0.136 0.951 
 

                  four weeks ago -0.029 0.010 0.003 
*** 

-0.118 0.099 0.234 
 

Holiday 0.001 0.024 0.975  -0.002 0.024 0.937 
 

Traffic to the five blog sites 1.564 0.406 0.000 
*** 

1.369 0.392 0.001 
*** 

    
 

   
 

R
2
 0.043 

   
N.A. 

  
 

Adj. R
2
 0.035 

   
N.A. 

  
 

SSR 0.754 
   

0.786 
  

 

Corr. coef. between actual and fitted values 

in level 
0.750 

   
0.730 

  
 

Note. 
*
 P-val <0.1, 

**
 P-val < 0.05, 

***
 P-val < 0.01. 

  

                                                           
2
 The estimates of week-fixed effects are omitted from Table 2.4 to avoid clutter. 
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(b) Search equation (DV: log of weekly search volume) 

 OLS GMM 

Variable Coef. SE P-val. 
 

Coef. SE P-val.  

Ad, same week 0.041 0.011 0.000 *** 0.053 0.014 0.000 *** 

       one week ago 0.036 0.010 0.001 *** 0.051 0.016 0.001 *** 

       two weeks ago -0.016 0.007 0.033 ** -0.007 0.014 0.627  

       three weeks ago -0.005 0.009 0.584  0.005 0.016 0.759  

       four weeks ago -0.006 0.007 0.389  -0.008 0.017 0.646  

Blogging, same week 0.310 0.036 0.000 *** 0.020 0.320 0.950  

                 one weeks ago 0.221 0.031 0.000 *** 0.235 0.258 0.363  

                 two weeks ago 0.064 0.025 0.010 *** -0.157 0.404 0.698  

                 three weeks ago 0.037 0.024 0.121  0.058 0.316 0.854  

                 four weeks ago 0.001 0.023 0.969  0.137 0.242 0.573  

Holiday 0.038 0.030 0.205  0.056 0.047 0.238  

Search index of keyword “opening movie” 0.226 0.073 0.002 *** 0.237 0.085 0.005 *** 

    
 

   
 

R
2
 0.064 

   
N.A. 

  
 

Adj. R
2
 0.057 

   
N.A. 

  
 

SSR 1.078 
   

1.121 
  

 

Corr. coef. between actual and fitted values 

in level 
0.923 

   
0.680 

  
 

Note. 
*
 P-val <0.1, 

**
 P-val < 0.05, 

***
 P-val < 0.01. 

First of all, in the pre-launch period of movies, consumers’ blogging and searching activities 

have no mutual effect on one another, as the weekly blog volume and search volume do not 

influence each other. Rather, consumers’ blogging and searching activities are attributed solely 

to advertising. The OLS result of a significant contemporaneous association between blog 

volume and search volume is likely to result from the common upward trend that the two series 

share during the pre-launch period (see Figure 2.1). The difference between the OLS results and 

the GMM results shows that, without proper instruments for the blog and search volume, 

researchers are likely to conclude that pre-launch blogging activity triggers consumers’ pre-

launch searching activity, and vice versa.  
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Second, in the pre-launch periods of movies, advertising has only immediate effects on 

blogging activity, whereas it has carryover effects on searching activity. The effect of advertising 

on search activities lasts one week, according to the GMM results. During the pre-launch periods 

of movies, the total elasticity of blog volume to advertising is 0.027, and that of search volume to 

advertising is 0.104. Note that compared to the GMM results, the OLS results underestimate the 

importance of advertising (0.1 versus 0.06 for generating search activities; 0.03 versus 0.02 for 

generating blog postings).  

Third, holidays in the pre-launch period have no influence on blogging and searching 

activities of consumers. Fourth, the OLS results lack face validity as some lagged effects are 

estimated to be negative. For example, according to the OLS results, the weekly pre-launch blog 

volume is negatively associated with the lagged weekly search volume; also, according to the 

OLS results, advertising two weeks before the current week decreases the current week’s search 

activities. Lastly, it is empirically supported that the reach of the five blog sites and the search 

index of the keyword “opening movie” are significantly associated with their corresponding 

endogenous variables—i.e., the weekly blog volume and weekly search volume of individual 

movies.  

Now consider the post-launch analysis results. Table 2.5 shows the OLS and GMM 

estimation results for the post-launch period model. To show how the inclusion of search (blog) 

volume reveals new findings, we present in Table 2.6 (Table 2.7) the GMM estimation results of 

the nested post-launch period model that omits search (blog) volume.
3
 Figure 2.3 juxtaposes 

statistically significant relationships between the endogenous variables in the three versions of 

the post-launch period model.  

                                                           
3
 The estimates of week-fixed effects are omitted from the tables to avoid clutter. 
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Table 2.5: Estimation Results: Post-Launch Period (N=153, T=10) 

(a) Blog equation (DV: log of weekly blog volume) 

 OLS GMM 

Variable Coef. SE P-val. 
 

Coef. SE P-val.  

Advertising 0.074 0.036 0.040 
** 

0.040 0.044 0.360 
 

Searching 0.372 0.071 0.000 
*** 

0.674 0.152 0.000 
*** 

Revenue 0.096 0.062 0.121  -0.032 0.076 0.677 
 

Holiday -0.120 0.086 0.165  -0.166 0.070 0.017 
** 

Traffic to the five blog sites 1.944 0.552 0.000 
*** 

2.258 0.565 0.000 
*** 

    
 

   
 

R
2
 0.296 

   
N.A. 

  
 

Adj. R
2
 0.288 

   
N.A. 

  
 

SSR 1.338 
   

1.372 
  

 

Note. 
*
 P-val <0.1, 

**
 P-val < 0.05, 

***
 P-val < 0.01. 

(b) Search equation (DV: log of weekly search volume) 

 OLS GMM 

Variable Coef. SE P-val. 
 

Coef. SE P-val.  

Advertising 0.055 0.033 0.096 
* 

0.067 0.032 0.034 
** 

Blogging 0.164 0.043 0.000 
*** 

0.477 0.075 0.000 
*** 

Revenue 0.455 0.059 0.000 
*** 

0.245 0.068 0.000 
*** 

Holiday 0.129 0.059 0.027 
** 

0.100 0.048 0.037 
** 

Search index of keyword “opening movie” 0.288 0.171 0.092 
* 

0.315 0.180 0.079 
* 

    
 

   
 

R
2
 0.535 

   
N.A. 

  
 

Adj. R
2
 0.530 

   
N.A. 

  
 

SSR 0.981 
   

1.089 
  

 

Note. 
*
 P-val <0.1, 

**
 P-val < 0.05, 

***
 P-val < 0.01. 

(c) Revenue equation (DV: log of weekly revenue) 

 OLS GMM 

Variable Coef. SE P-val. 
 

Coef. SE P-val.  

Advertising 0.205 0.014 0.000 
*** 

0.201 0.015 0.000 
*** 

Blogging 0.051 0.025 0.038 
** 

0.084 0.055 0.127 
 

Searching 0.195 0.033 0.000 
*** 

0.250 0.067 0.000 
*** 

Holiday 0.123 0.036 0.001 
*** 

0.100 0.035 0.004 
*** 

Screens 0.755 0.030 0.000 
*** 

0.629 0.055 0.000 
*** 

    
 

   
 

R
2
 0.913 

   
N.A. 

  
 

Adj. R
2
 0.912 

   
N.A. 

  
 

SSR 0.565 
   

0.588 
  

 

Note. 
*
 P-val <0.1, 

**
 P-val < 0.05, 

***
 P-val < 0.01. 
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Table 2.6: Estimation Results: The Post-Launch Period Model Omitting Search Volume 

(a) Blog equation (DV: log of weekly blog volume) 

 OLS GMM 

Variable Coef. SE P-val. 
 

Coef. SE P-val.  

Advertising 0.097 0.035 0.006 
** 

0.252 0.036 0.000 
*** 

Searching N.A. N.A. N.A.  N.A. N.A. N.A. 
 

Revenue 0.281 0.063 0.000 
*** 

-0.090 0.097 0.352 
 

Holiday -0.072 0.089 0.416  -0.092 0.074 0.215 
 

Traffic to the five blog sites 1.637 0.563 0.004 
*** 

1.479 0.558 0.008 
*** 

    
 

   
 

R
2
 0.241 

   
N.A. 

  
 

Adj. R
2
 0.234 

   
N.A. 

  
 

SSR 1.388 
   

1.469 
  

 

Note. 
*
 P-val <0.1, 

**
 P-val < 0.05, 

***
 P-val < 0.01. 

(b) Revenue equation (DV: log of weekly revenue) 

 OLS GMM 

Variable Coef. SE P-val. 
 

Coef. SE P-val.  

Advertising 0.237 0.016 0.000 
*** 

0.216 0.016 0.000 
*** 

Blogging 0.093 0.026 0.001 
*** 

0.194 0.045 0.000 
*** 

Searching N.A. N.A. N.A.  N.A. N.A. N.A. 
 

Holiday 0.174 0.040 0.000 
*** 

0.135 0.035 0.000 
*** 

Screens 0.821 0.030 0.000 
*** 

0.731 0.047 0.000 
*** 

    
 

   
 

R
2
 0.902 

   
N.A. 

  
 

Adj. R
2
 0.901 

   
N.A. 

  
 

SSR 0.600 
   

0.627 
  

 

Note. 
*
 P-val <0.1, 

**
 P-val < 0.05, 

***
 P-val < 0.01. 
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Table 2.7: Estimation Results: The Post-Launch Period Model Omitting Blog Volume 

(a) Search equation (DV: log of weekly search volume) 

 OLS GMM 

Variable Coef. SE P-val. 
 

Coef. SE P-val.  

Advertising 0.068 0.035 0.055 
* 

0.117 0.035 0.001 
** 

Blogging N.A. N.A. N.A.  N.A. N.A. N.A. 
 

Revenue 0.501 0.058 0.000 
*** 

0.289 0.069 0.000 
*** 

Holiday 0.102 0.060 0.090 
* 

0.099 0.053 0.063 
* 

Search index of keyword “opening movie” 0.309 0.172 0.073 
* 

0.250 0.152 0.101 
 

    
 

   
 

R
2
 0.509 

   
N.A. 

  
 

Adj. R
2
 0.504 

   
N.A. 

  
 

SSR 1.007 
   

1.046 
  

 

Note. 
*
 P-val <0.1, 

**
 P-val < 0.05, 

***
 P-val < 0.01. 

(b) Revenue equation (DV: log of weekly revenue) 

 OLS GMM 

Variable Coef. SE P-val. 
 

Coef. SE P-val.  

Advertising 0.209 0.014 0.000 
*** 

0.199 0.016 0.000 
*** 

Blogging N.A. N.A. N.A.  N.A. N.A. N.A. 
 

Searching 0.214 0.034 0.000 
*** 

0.346 0.063 0.000 
*** 

Holiday 0.113 0.037 0.002 
*** 

0.061 0.038 0.105 
 

Screens 0.757 0.031 0.000 
*** 

0.599 0.057 0.000 
*** 

    
 

   
 

R
2
 0.912 

   
N.A. 

  
 

Adj. R
2
 0.911 

   
N.A. 

  
 

SSR 0.569 
   

0.605 
  

 

Note. 
*
 P-val <0.1, 

**
 P-val < 0.05, 

***
 P-val < 0.01. 
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Figure 2.3: Comparison of Statistically Significant Relationship  

in the Three Versions of the Post-Launch Period Model 
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First of all, the estimation results reveal the role of search activity in post-launch period of 

movies. Consumer searching activity works as a mediator between advertising and revenue, 

advertising and blogging, and blogging and revenue. Importantly, by comparing Figure 2.3(a) 

and 2.3(b), we find that search volume fully mediates the effect of blog volume on revenue. In 

other words, if there is no searching activity by consumers, blogging activity does not influence 

revenue. Furthermore, the more searching is done for a movie, the larger effect the blog postings 

have on movie revenue. To summarize, by adding online search volume in the model, we show 

that the positive effect of WOM volume on sales—that is found in the previous research (Dhar 

and Chang 2009; Duan, Gu, and Whinston 2008a; Duan, Gu, and Whinston 2008b; Liu 2006)—

is good as long as WOM is exposed to consumers. This result supports Onishi and Manchanda 

(2012) who find that not the number of blogs generated but the number of blogs viewed matters 

for market success of new products.  

Second, advertising is the main driver of the financial outcome of movies. Advertising’s 

direct elasticity of weekly movie revenue is 0.201 and its indirect elasticity of weekly movie 

revenue through consumer search is 0.017 (= 0.067× 0.250), amounting to the total elasticity of 

0.218. Note that the indirect effect of advertising on revenue through consumer search activity—

0.017—is almost negligible in comparison with its direct effect on revenue—0.201. In other 

words, advertising can generate nearly the same level of revenue without consumer searching 

activity. The story changes when it comes to the effect of blogging activity on revenue. The 

effect of blogging on revenue is realized only indirectly, namely through consumer searching 

activity. Note that the elasticity of revenue to blog volume is 0.119 (= 0.477 × 0.250), which is 

substantially lower than the advertising’s elasticity of revenue. 
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Third, in terms of the direct effectiveness on movie revenue, consumer searching activity is 

at least as effective as advertising. The searching elasticity of revenue is 0.250, while the 

advertising elasticity of revenue is 0.201. Note that blogging activity has no direct effect on 

revenue if advertising and searching activity are controlled for. Therefore, if the purpose is to 

predict weekly revenue, monitoring and forecasting weekly search volume is sufficient—i.e., 

once search volume is known, blog volume is unnecessary for prediction of revenue.  

Fourth, Table 2.5(b) shows that consumers’ generic interest for opening movies in a certain 

week—as measured by the weekly Google search index of the keyword “opening movie”—

influences online search volume of individual movies that are theatrically running in the week. 

Perhaps, consumers’ generic interest for opening movies in a week spills over to the interest for 

individual movies that are theatrically running in the week (Rutz and Bucklin, 2011). The 

estimation result indicates that one percent increase in the search index of keyword “opening 

movie” leads to 0.315 percent increase in consumers’ searching activity for a theatrically running 

movie. This implies that, the advertising spending being the same, an ad of a movie aired when 

the generic interest is higher than usual generates more consumer search than the same ad aired 

when the generic interest level is lower than usual. Examining when the weekly search index of 

“opening movie” is high during a year may help studio managers allocate advertising budgets. 

Fifth, consumers’ searching activity is influenced through multiple channels: advertising, 

online WOM, and movie consumption. That is, consumer interest in a theatrically running movie 

(i.e., consumer search activity) is developed by not only commercial communication but also 

peer consumers’ WOM and movie consumption. In terms of the effectiveness for developing 

consumer interest for individual movies, WOM is the most effective (elasticity: 0.477) and 
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advertising is the least effective (elasticity: 0.067) with movie consumption in the middle 

(elasticity: 0.245). 

Sixth, the estimation results of the full model (Figure 2.3(a)) indicate that movie 

consumption influences blogging activity–indirectly through consumer search activity. As such, 

blog postings in post-launch period of movies are likely to contain consumer opinion about 

movies.  

Seventh, there are a few notable differences in the pre- and post-launch relationships of the 

focal variables. The first is the mutual relationship between blogging and searching activity. 

Blogging and searching activity influence each other in the post-launch period, whereas they do 

not in the pre-launch period. The second difference is the impact of holidays. In the post-launch 

period, holidays increase consumers’ searching activity as well as movie revenue, while, in pre-

launch period, holidays do not influence consumers’ searching activity.  

Lastly, the GMM results that correct for endogeneity are substantially different from the OLS 

results that do not correct for endogeneity. The OLS results find more significant relationships 

between variables than the GMM results, perhaps because the focal variables share a common 

downward trend in the post-launch period. This analysis shows the importance of correcting for 

endogeneity.  
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Lastly, consider the opening-week analysis in Table 2.8.  

Table 2.8: Estimation Results: Opening-Week (N=153) 

 OLS GMM 

Variable Coef. SE P-val. 
 

Coef. SE P-val.  

Advertising 0.170 0.067 0.012 
** 

0.217 0.108 0.047 
** 

Screens 0.649 0.032 0.000 
*** 

0.673 0.061 0.000 
*** 

Pre-launch blog volume 0.040 0.053 0.454  0.018 0.117 0.875 
 

Pre-launch search volume 0.081 0.074 0.276  0.271 0.126 0.034 
** 

Opening-week blog volume -0.011 0.061 0.854  -0.010 0.152 0.949 
 

Opening-week search volume 0.205 0.084 0.016 
** 

-0.111 0.186 0.553 
 

Holiday 0.215 0.132 0.104  0.344 0.142 0.017 
** 

Critical Review 0.423 0.189 0.027 
** 

0.473 0.219 0.032 
** 

    
 

   
 

    
 

   
 

R
2
 0.931 

  
 N.A. 

  
 

Adj. R
2
 0.927 

  
 N.A. 

  
 

SSR 0.560 
  

 0.592 
  

 

Note. 
*
 P-val <0.1, 

**
 P-val < 0.05, 

***
 P-val < 0.01. 

The most notable finding is the importance of pre-launch online search volume. Note that pre-

launch search volume is significantly associated with opening-week revenue but pre-launch blog 

volume is not. For managers, this implies that the pre-launch searching activity of consumers, 

not pre-launch blogging activity, is the metric that they need to monitor for better prediction of 

opening- week movie revenue.  

 

2.7. Implications 

Our findings reveal several important implications for studio executives as well as researchers. 

First of all, while advertising and blogging are the drivers of post-launch movie revenue, there 

are big differences between the two. The first is the effectiveness of the two in generating movie 

revenue. The elasticity of weekly movie revenue to weekly advertising spending is almost twice 
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as large as that to weekly blog volume. The second difference is related to the role of searching 

activity. Advertising can generates movie revenue without consumers’ online search activity—

perhaps because movie advertisements reach consumers through diverse media including offline 

as well as online channels; in contrast, blog postings cannot generate revenue without consumer 

online search activity.  

Second, studio managers will be able to better predict the opening week revenue of movies 

by monitoring the pre-launch search volume of movies. To this end, the Google search index can 

serve as a readily available data source. Note that the pre-launch blog volume will be 

unnecessary to predict the opening-week revenue of movies, as long as the pre-launch search 

volume is known.  

Third, the finding that pre-launch search activity influences opening-week revenue implies 

the importance of managing the pre-launch advertising schedule properly. The time-series of pre-

launch search volume of a movie can be used to examine the pre-launch advertising effectiveness 

of the movie.  

For researchers, this study exhibits that the online keyword search index and website traffic 

can provide a source of exogenous variations in certain online actions of consumers. Figure 2.4 

summarizes key influencers of movie revenue and according managerial implications.  
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Figure 2.4: Key Influencers on Revenue 

 Opening-week revenue  Weekly revenue after opening week  

Key 

influencers  
• Pre-launch search volume 

 

• Opening-week advertising  

• Weekly advertising  

 

• Weekly online search activity 

Implications  • Monitoring pre-launch search 

activity can help managers  

better predict opening-week 

revenues of movies. 

 

• The time-series of pre-launch 

search volume of a movie can be 

used to develop efficient pre-

launch advertising schedule for 

the movie.  

• For the purpose of predicting weekly 

revenue, knowing weekly advertising and 

search volume is sufficient; weekly blog 

volume does not contribute to the predictive 

performance. 

 

• Advertising influences revenue without the 

help of consumer search; online WOM need 

consumer search activity for it to influence 

movie revenue.  

 

 

2.8. Conclusions 

Despite the prevalence of consumers’ media consumption activity, researchers have not paid as 

much attention to it as consumers’ media generation activity. Taking the movie industry as an 

empirical case, this study has examined the dynamics between advertising, consumers’ collective 

blogging activity, their collective online search activity, and market outcome.  

Several important findings emerge. First, there is an important difference as to how 

advertising and blogging activity influence movie revenue. We find that blog postings need 

consumer search for them to influence movie revenue. Advertising, on the other hand, influences 

revenue without consumers’ online search activity. In fact, in the post-launch period of a movie, 

the indirect effectiveness of advertising on revenue through consumer searching activity is so 

small that advertising generate almost the same level of movie revenue without consumer 

searching activity.  
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Second, advertising is the main driver of movie revenue throughout the movie life cycle. The 

opening-week revenue of a movie is influenced by the opening-week advertising and pre-launch 

search volume of the movie. But the pre-launch search volume of a movie is influenced mainly 

by advertising. As such, advertising is the dominant cause of opening-week revenue of movies. 

In the post-launch period, both advertising and consumer blogging activity influence the weekly 

movie revenue. But, advertising is almost twice more effective than the volume of blog posts in 

generating weekly movie revenue.  

Third, once online search volume of a movie is controlled for, blog volume of the movie does 

not improve the performance in predicting movie revenue. For the purpose of predicting the 

market success of a movie, managers should focus on search volume, not blog volume.  

Fourth, by adding online search volume in the post-launch period model, we were able to 

find that movie consumption influences consumer blogging activity in the post-launch period. As 

such, blog postings in the post-launch period are likely to contain consumers’ opinion on the 

theatrically running movies.  

This study provides implications for studio managers. First of all, to predict opening-week 

revenue of a movie, pre-launch search volume, not pre-launch WOM volume, is the metric that 

managers should monitor. Also to predict the post-launch weekly revenue of a movie, weekly 

online search volume of the movie should be monitored, not its weekly blog volume. Second, 

almost 80% of movie advertising is executed in pre-launch period or during opening-week. 

Therefore, finding an efficient pre-launch advertising schedule is an important task. Our findings 

that pre-launch advertising is the main driver of pre-launch search activity and that the pre-

launch search activity has substantial effect on opening-week revenue suggest that studio 
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managers may use the time-series of pre-launch search volume to measure the effectiveness of 

pre-launch movie advertising.  

This study is subject to several limitations. First, we use blog volume to examine the effect of 

consumers’ media generation. While blog postings are the only WOM of consumers before a 

new-product’s launch, in the post-launch period consumers express their opinions through 

various channels including review sites. Second, we do not consider the valence of blog postings. 

This may be acceptable in the pre-launch period because the new product is not yet available, 

and as such there should be no valence information. But in the post-launch period, the WOM 

valence can influence movie-going decisions. Perhaps, one way of controlling for the WOM 

valence is to collect movie review data and include it in the model. Third, this study is conducted 

in the movie industry. For the generalization of the findings, we need to extend this study to 

other industries such as video games, music albums, and books.  

Several research opportunities remain in this field. The content of blogs may influence 

consumer search behavior. For example, search may be greater when there is strong 

disagreement among consumers’ opinions. Second, given that pre-launch search volume 

influences post-launch sales, determining the optimal allocation of a pre-launch advertising 

budget to maximize search volume is important. Lastly, consumer search activity may lead them 

to the related products’ websites. Examining the relationship between search activity and traffic 

to product websites can be an interesting topic.   
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3. Pre-Launch Advertising Effectiveness of New Products: An Empirical Analysis Using 

Online Search Volume 

 

3.1. Introduction 

Eighteen months before Ford introduced Fiesta, the company started a pre-launch marketing 

campaign called Fiesta Movement. Videos related to the campaign generated 6.5 million views 

on YouTube. When the car was released in late 2010, over 10,000 cars were sold in the first six 

days (McKinsey Quarterly 2012). Fiesta Movement is an example of pre-launch advertising, 

which has become the rule rather than the exception in many industries including automobiles, 

movies, computer games, smart phones and tablet PCs. Indeed, pre-launch advertising is vital for 

many reasons: short life cycle of new products requires good sales results quickly; pre-launch 

advertising can make consumers look forward to the new product launch and adjust their 

purchase planning accordingly; and managers can use pre-launch advertising to create buzz or to 

preempt competition. 

This study aims to examine the pre-launch advertising effectiveness of new products, an 

important but under-researched topic. Taking the U.S. motion picture industry as the test case, 

we develop a model that relates the advertising schedule of new movies to the time-series of 

online search volume—i.e., collective online search activity of consumers—of the movies. Two 

key elements of our model are (i) consumers’ willingness-to-search (WTS) that may change over 

the course of pre-launch period and (ii) the advertising effectiveness that may also vary over time. 

First, consumers’ willingness-to-search for new-movie information may increase as the new 

movie’s availability dates come closer. The intuition is that as the launch date of a movie comes 

closer, the more interested consumers will be in the movie and the higher willingness-to-search 
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they will have for the movie information. Second, advertising effectiveness may vary over time 

as a function of advertising schedule. For example, Naik, Mantrala, and Sawyer (1998) find that 

advertising effectiveness at a specific time is determined by, among other things, the passage of 

time since the first execution of the advertising campaign, past advertising spending and the 

existence of ad hiatus. The two elements are incorporated in our model, which is applied to an 

empirical movie data set. 

Our data set consists of the weekly advertising spending of 106 movies, weekly Google 

search indices of keywords of the movies, and the movies’ characteristics. As the raw search 

index from Google Trends is comparable only across time within a time series, we devise a 

method that transforms the raw Google search index into cross-sectionally comparable search 

volume measures. This enables us to compare the advertising effectiveness across different 

movies. The parameters are drawn by a Gibbs sampler, which embeds the data-augmentation 

step to deal with the left-truncated property of the Google search index (Chib 1992), the forward-

filtering/backward-sampling step to estimate time-varying parameters (West and Harrison 1997), 

and the hierarchical Bayesian approach to estimate heterogeneity across movies. 

We compare our model with alternative models and show that the proposed model is superior 

to the alternative models in forecasting the following week’s search volume of movies. The 

empirical analysis reveals interesting features of consumers’ pre-launch interest development for 

new products. First, consumers’ pre-launch response to advertising—in the form of keyword 

search—is substantially influenced by the timing of advertising. That is, pre-launch advertising 

more efficiently triggers consumer search in the weeks that immediately precede the release time 

than in the weeks that are far in advance of release. In other words, time-to-launch is a key 

variable that influences consumer search in the pre-launch period. Second, pre-launch 
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advertising effectiveness varies over time. It is influenced by advertising schedules such as the 

passage of time since the first execution of the advertising campaign, the previous period’s 

advertising intensity, and the existence of ad hiatus periods. Third, the time-to-launch effect and 

time-varying advertising effectiveness vary substantially across movies. The heterogeneity is 

explained by movie characteristics such as director power and whether the movie is a sequel. The 

findings imply that the same advertising schedule of different movies can generate different 

levels of consumer search. In the managerial implications section, we solve a constrained 

nonlinear optimization problem to find a more efficient allocation of an advertising budget over 

the pre-launch period.  

The remainder of the paper is organized as follows. In the model section, we review relevant 

research and identify critical features of consumers’ pre-launch search behavior. Then we 

develop a model of search volume process by incorporating the effect of the advertising outlay 

and time-to-launch. We then briefly introduce the data. In the empirical analysis section, we 

estimate the model in the Bayesian dynamic linear model (DLM) framework and discuss the 

managerial implications. We show how the model can be used to suggest a better allocation of a 

given advertising budget across time. We then formulate conclusions and areas for future 

research. 

 

3.2. The Model 

We propose that past advertising schedule and consumers’ WTS are the two key elements that 

determine the online search volume of a new product at a specific pre-launch time of the product. 

Previous research has established that a different advertising schedule can generate a different 
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market outcome because advertising effectiveness at a specific point in time is influenced by 

advertising outlay up to that time (Bass et al. 2007; Bruce 2008; Bruce, Zhang and Kolsarici 

2012; Naik, Mantrala and Sawyer 1998; Pechmann and Stewart 1990). In addition to the 

advertising schedule effect, we propose that, over the course of a new product’s pre-launch 

period, consumers have different levels of WTS for the new-product’s information. The WTS, in 

combination with advertising effectiveness, determines consumers’ search intensity at a specific 

time of pre-launch period. The intuition is that, regardless of how much advertising a consumer 

is exposed to, he or she would not search for the advertised product unless motivated to do so. 

Therefore, we represent online search volume at a specific point in time as a multiplicative 

function of marketing communication up to that time and consumers’ willingness-to-search at 

that time.  

Let index i denote product and index t denote time. The online search volume of product i—

i.e., collective online search activity of consumers for product i—at t is represented as a function 

of advertising outlay up to t, consumers’ willingness-to-search for product i’s information at t, 

and the error term. 

 (3-1)                                   *

it it it itS  exp G exp v   , where vit ~ N(0, Vi) 

where *

itS  is the online search volume of product i at t, Git is the effect of advertising schedule up 

to t and λit is the WTS that is independent of past advertising outlay. Exp(vit) is the error term 

where vit follows a normal distribution with mean 0 and variance Vi. The composite term 

exp(Git)∙λit corresponds to the advertising goodwill of product i at t.  
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3.2.1. Modeling the Effect of Advertising Schedule 

Git summarizes the effect of current and past advertising outlay of product i on its search volume, 

net of the effect of WTS. Following previous literature, we assume that Git is influenced by the 

current advertising, Ait, as well as the carryover from past advertising.  

 (3-2)                          
G

it i,t 1 it i i,t 1 itG q g(A ) (1 )G w     , where G G

it iw ~ N(0,W ) , 

Ait is the advertising intensity of product i at t, qi,t-1 is advertising effectiveness of product i at t.
 4
 

Note that qi,t-1 is allowed to vary over time. 1-δi is the carryover rate of advertising. G

itw is the 

normally distributed error with mean 0 and variance G

iW . 

Consistent with previous literature, we assume that advertising effectiveness varies over time 

due to the following three factors: the previous period’s advertising intensity, the restoration of 

advertising effectiveness when the ad is off and the natural deterioration of advertising 

effectiveness due to the passage of time. The rationale for the three factors is well reviewed in 

Naik, Mantrala and Sawyer (1998) and studies that follow it (e.g., Bass et al. 2007). By 

incorporating those factors, the change in advertising effectiveness at t is represented in (3-3).  

 (3-3)                      
q

i,t 1 i,t 1 i,t 2 i i,t 1 i,t 2 itq (A )q I(A 0)(1 q ) w           ,  

                               where i,t 1 i i i,t 1(A ) c w a(A )     and q q

it iw ~ N(0,W ) . 

The parameter ci represents the change of advertising effectiveness due to the passage of time 

and wi is the effect of the previous period’s advertising intensity on the current period’s 

                                                           
4
 We intentionally use subscript t-1 to represent the advertising effectiveness at time t. The reason becomes clear 

when we transform the model into a state-space model framework. For all other variables, subscript t-1 represents 

the variable’s corresponding quantity at t-1. For example, Ai,t-1 is the advertising spending at t-1, not t. 
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advertising effectiveness. δi is the restoration of advertising effectiveness when the advertising is 

off in the previous period, i.e., when I(Ai,t-1 = 0). The restoration of advertising effectiveness 

occurs due to consumers’ forgetting about the specifics of previous advertising content (Grass 

and Wallace 1969). 

 

3.2.2. Modeling the Effect of Willingness-to-Search 

Consumers do not search for a new product just because they are exposed to an advertisement of 

the product. Instead, the advertisement will generate search only when consumers think their 

search activities are sufficiently beneficial to them. In other words, there exists a concept termed 

“willingness-to-search” that moderates the effect of advertising on collective search activity of 

consumers.  

Previous research on consumer search behavior implies that consumers’ WTS for product i at 

t is proportional to the benefit of searching for that information at that time (Beatty and Smith 

1987; Punj and Staelin 1983; Srinivasan and Ratchford 1991; Weitzman 1979). We propose 

three determinants of WTS: the development of product interest over time, the decay of 

consumer memory, and product characteristics. The first two elements apply after a new 

product’s first advertising through the launch time (i.e., during the pre-launch period since the 

first advertising). We will show that they allow the pre-launch WTS to gradually increase as a 

new-product launch is approaching. The last element, product characteristics, applies regardless 

of advertising schedule and explains variation in search volume across different products.  

Development of Product Interest over Time. Consumer interest in a new product develops as the 

launch time of the new product approaches, perhaps because consumers perceive higher personal 
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relevance for events that will happen sooner than later. For example, in the early pre-launch 

period of a new movie, interest for the movie may not be well developed because there are many 

other alternative movies that are either available or soon-to-be available to consumers. In the 

same vein, literature on intertemporal decision theory finds that individuals often place higher 

value on a near-future reward than on a distant-future reward, even when the distant-future 

reward is larger (Trope and Lieberman 2003). These arguments imply that consumers’ interest 

for a new product and thus their WTS for the product tends to increase as the release time of the 

product approaches. Let us assume that consumer interest decreases by a factor of k (k > 1) 

during a unit time interval of a pre-launch period and normalize the interest level in the release 

week by one. Further, let us represent the pre-launch time by negative numbers (-1, -2, …), the 

launch time by zero and the post-launch time by positive numbers (1, 2, …).  Then, the interest 

level t periods before a new-product launch can be represented as 1/k
|t|
. 

Decay of Consumer Memory over Time. Human memory decays over time and so does the 

probability of recalling the advertised content. If a consumer expects that the new-product 

information he acquires at a specific pre-launch time of the product will be gradually forgotten—

due to decay of memory, the perceived benefit of acquiring the new-product information in the 

pre-launch time may be affected by that expectation. In other words, consumers’ WTS will 

decrease as a function of expected information loss between the time of information acquisition 

and the time of new-product availability. Suppose that consumers forget the information about a 

new product at a constant rate d (0< d <1) during a unit time interval in the pre-launch period. 

Then, the probability that the information that was collected at t periods before launch is still 

active in consumers’ memory at the launch time will be (1- d)
|t|
, where |t| measures the time 

distance between the search time t and the new-product launch time denoted by zero. The smaller 
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the decay rate d is, the more willing consumers will be to search new-product information across 

the pre-launch periods.  

Product Characteristics. Consumers are inclined to search more for products with certain 

characteristics than others. For example, Kim (2013) finds that consumers search more for 

movies of higher quality and higher quality-uncertainty. Therefore, consumer WTS may vary 

across products as a function of product characteristics. Let μi summarize the effect of the 

characteristics of product i. Then, μi can be represented in a multiplicative form as follows.  

 (3-4)                                                           1 i 2D

i i X e
 

  , 

where Xi is the vector of numerical characteristics and Di is the vector of categorical 

characteristics of product i.  

To summarize, λit, the WTS for product i at time t, is represented as a multiplicative function 

of the above factors. 

 (3-5)                 ii i i
|t| I(f t 0)|t| I(f t 0) |t| I(f t 0)

it i i i ik 1  d  e
         

      , where i

i ie (1 d ) / k

  ,  

where fi represents the time of the first advertising of movie i. Note that time-to-launch plays an 

important role in determining the search volume in pre-launch period. Also, note that 1-d and k 

are not separately identified due to the lack of variation that distinguishes d and k. In the 

empirical analysis, we estimate the composite effect of the two, i.e., ψi. 
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3.2.3. Heterogeneity 

We allow the time-to-launch parameters (ψi,), the carryover rate (1-δi) and the parameters of 

advertising effectiveness (ci, wi) to vary across products as a function of product characteristics. 

Let us denote  i i i i, ,c , w    by
i  and let Mi be the collection of the characteristics of product i. 

The matrix Mi is appropriately arranged to conform to matrix multiplication: 
i 4 i iM I (X ,D )    

where Xi and Di are vectors of product characteristics in (3-4). Then the heterogeneity is 

modeled as in (3-6).  

 (3-6)                                   i i i i i i i, ,c , w M       , where i ~ N(0, )  .  

 

3.3. The Data 

We apply the model to a movie data set. Our data set mostly consists of movies that were widely 

released in 2009 in the U.S. For each movie, we collect weekly advertising spending and weekly 

online search index from twenty weeks before its launch until five weeks after the launch. For 

the online search index, we use Google Trends. We also collect various movie characteristics. 

For our estimation, we remove some movies from the set. First, we discard movies whose first 

pre-launch advertising started less than six weeks before their launch weeks. Those movies have 

too short a period to estimate parameters. Second, we do not include movies whose titles are too 

general to affect the validity of the search index from Google. The final data set contains 106 

movies. Because the time of the first advertising varies movie by movie, the panel data is 

unbalanced. We account for this unbalanced structure when estimating our model. Table 3.1 

summarizes our variables and their sources.  
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Table 3.1: Variables and Data Sources 

Category Variable Source of Data 

Dependent 

variable 
Weekly search volume Google 

Marketing 

variable 
Weekly advertising spending Nielsen 

Movie  

characteristics 

Total U.S. box-office revenue of movies with which the focal movie’s 

director was involved as a director, writer, or producer since 1990 

IMDb 

Average rating of past movies that the director of with which the focal movie 

was involved as a director, writer, or producer since 1990 [range: 1 – 10] 

Average rating of past movies that the director of with which the focal movie 

was involved as a director, writer, or producer since 1990 

Genre 

MPAA rating 

Sequel: whether a movie is a sequel or not 

 

3.3.1. Advertising 

The advertising data is provided by Nielsen and covers all major media outlets including 

television, print, radio Internet, and outdoor channels. We discard the weeks prior to the twenty 

weeks before release (t < -20) because advertising is exceedingly sparse before that time. The 

average advertising spending of the 106 movies is $24.2 million (Std. Dev. = $11.2 million) with 

80% of the advertising budget executed in the pre-launch periods or during the release week. On 

average, the movies in the data set started their first advertising about 12.5 weeks before their 

releases (Std. Dev. = 6.1 weeks before release).  

 

3.3.2. Online Search Volume 

Google Trends provides a weekly search index of keyword queries entered into the Google 

search engine. Because the index is normalized to conceal the actual search volume of the 

keyword, researchers cannot compare the search volumes across different keywords if the raw 
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search index is used. We avoid this problem with a method that transforms the raw search 

indices from Google into cross-sectionally comparable search volume measures. The detailed 

methodology of collecting weekly Google search indices of movie keywords and transforming 

them into cross-sectionally comparable measures can be found in chapter 5, the appendix to the 

dissertation. Figure 3.1 exhibits the real advertising and search volume of four movies.  

Figure 3.1: Examples of Weekly Advertising and Search Volume 
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3.3.3. Movie Characteristics 

Movie characteristics are collected from IMDb.com. We include three director power variables. 

The first is the total U.S. box-office revenue of movies in which the director of each focal movie 

has been involved either as a director, a writer or a producer since 1990 until one calendar year 

before the focal movie’s release. The second variable is the average user rating of the past 
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movies in which the director of each focal movie has been involved since 1990 until one 

calendar year before the focal movie’s release. The last variable is the average of standard 

deviations of user ratings of each past movie in which the focal movie’s director has been 

involved since 1990 until one calendar year before the focal movie’s release. The total number of 

past movies directed/written/produced by the directors of the 106 focal movies and whose U.S. 

box-office revenue is reported to IMDb is 949. On average, a director was involved with 8.95 

movies since 1990 until the one calendar year before the focal movie’s release. The average of 

the total U.S. gross revenues of the past movies is $905 million, and the standard deviation is 

$1,040 million. The average user rating of the 949 movies is 6.74 (10-point scale). The average 

of standard deviations of user ratings of the 949 movies is 1.96. Table 3.2 summarizes 

descriptive statistics of variables. 

 

Table 3.2: Descriptive Statistics of the Variables (N = 106) 

 Mean Median Std. Dev. Min Max 

Advertising expenditure ($000) 24,222 25,075 11,230 0.9 50,781 

Search volume (000) 1,223 491 2,977 16 21,617 

Total U.S. box-office revenue 

of past movies of focal directors 

($ 000) 

905,000 505,000 1,040,000 0.2 6,520,000 

Average user ratings of  

past movies of focal directors 
6.74 6.81 0.65 5.22 8.71 

SD of user ratings of  

past movies of focal directors 
1.96 1.95 0.21 1.55 2.80 

Major Genre (%) Action: 22.6,  Comedy: 27.4,  Drama: 17.0 

MPAA Rating (%) G: 1.9, PG: 23.6, PG13: 44.3, R: 30.2 

Sequel 10 movies are sequels. 
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3.3.4. A Preliminary Analysis 

To check the effect of time-to-launch on search volume generation, we estimate a log-

transformed model of eq (3-1). Because the objective of this analysis to quickly check the effect 

of  the time-to-launch variable, we simplify our analysis by substituting the advertising goodwill 

Git with the current and past advertising efforts as in (3-7). 

(3-7)                                                 Git = α0log(Ait) + … + αklog(Ai,t-k) 

Then, (3-1) is log-transformed to (3-8). 

(3-8)             log(Sit) = α0log(Ait) + … + αklog(Ai,t-k) + ψ∙|t|∙I(t≤0) + β1log(Xi) + β2Di + εit. 

The variable |t|∙I(t≤0) represents the time-to-launch at pre-launch week t. Google keyword search 

index is left-truncated at an unknown threshold. Therefore, we estimate a Tobit model with the 

specification of (3-8). Note that the unbalanced panel structure is not considered in this 

preliminary analysis. Table 3.3 shows the result. 
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Table 3.3: Preliminary Analysis: Tobit Model Estimation  

(Left-censored observations: 623, Total observations: 3,193) 

Covariate Coefficient SE P val.   

Constant -22.08 1.95 0.00 

Advertising at t 0.12 0.03 0.00 

Advertising at t-1 0.09 0.04 0.02 

Advertising at t-2 0.03 0.04 0.51 

Advertising at t-3 0.05 0.04 0.23 

Advertising at t-4 0.06 0.03 0.07 

Time-to-launch -0.12 0.01 0.00 

Total U.S. B-O revenue of past movies of the focal director 0.32 0.03 0.00 

Average rating of past movies of the focal director 9.73 0.82 0.00 

SD of ratings of past movies of the focal director  9.03 0.75 0.00 

Genre: Action 1.40 0.16 0.00 

Genre: Comedy -0.89 0.15 0.00 

Genre: Drama 0.70 0.18 0.00 

MPAA: R -1.72 0.42 0.00 

MPAA: PG -1.07 0.42 0.01 

MPAA: PG13 -1.72 0.41 0.00 

Sequel 3.19 0.19 0.00 

Log-likelihood 
  

-9032.71 

AIC 
  

4.74 

BIC 
  

4.77 

 

The estimation result of this simple analysis shows that time-to-launch plays an important role in 

generating search volume in the pre-launch period. If all else are equal, the willingness-to-search 

decreases by a factor of 0.89 (= exp(-0.12)) each week during the pre-launch period. In other 

words, certain amount of advertising that is done at two weeks before release generates only 89% 
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of search volume that could have been generated if the same amount of advertising is done at one 

week before release.  

 

3.4. Estimation 

There are several considerations when estimating the model (3-1) – (3-6). First, the model 

contains time-varying parameters, namely Git and qit. Second, the weekly Google search index is 

left-truncated. Third, we need to estimate the heterogeneity in (3-6). Finally, the week of first 

advertising differs movie by movie. The Bayesian DLM method (West and Harrison, 1997) is an 

excellent framework that addresses all the considerations. As such, we represent the equations 

(3-1) – (3-6) into a Bayesian DLM framework and estimate the model by a Gibbs sampling 

method. The log-linearized form of (3-1) is expressed in (3-9). 

(3-9)     
it

i

i*

it it i i i it it i i it

q

log(S 1) G | t | I(f t 0) x v G | t | I(f t 0) x v





 
               

 
, 

where i i ix (X ,D )   and  1 2
     . Note that what we observe from Google Trends is a left-

truncated version of *

itS  because Google Trends reports the search index only when the 

corresponding search volume exceeds a certain unknown threshold, τ. Let Sit be what we observe 

from Google Trends. Then it holds that 

(3-10)                                                      

* *

it it

it *

it

S    if S
S

0     if S  
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Equation (3-10) with equations (3-9) and (3-2) – (3-3) can be represented in a state-space 

framework as follows.  

(3-11)                         

it

* *

it it

it *

ity

log(S 1)     if log(S 1) log( 1)
log(S 1)

0                    if log(S 1) log( 1)

    
  

  
 

(3-12)                                         

*
iit

it

it*

it it i it

it
Fy

G
log(S 1) [1 0] q v

q




 
     

 
. 

(3-13)                             

it itit iti ,t 1

G
i,t 1it i it it

q
i,t 1it it i it it

wH u

GG 1 g(A ) 0 w

qq 0 (A ) I(A 0) w







 

        
          

          
,  

where it it i it i i it i it(A ) 1 (A ) I(A 0) 1 c w g(A ) I(A 0)          . 

We substitute the unknown threshold τ with the minimum order statistic of positive Sit, i.e.,  

it it
ˆ min{S ;S 0}    which is the maximum likelihood estimator of τ (Zuehlke 2003). By 

adopting vector-matrix notation and incorporating the left-truncated nature of the search index, 

(3-11), (3-12), and (3-13) can be compactly represented by (3-11’), (3-12’) and (3-13’). 

(3-11’)                                    * *

it it it
ˆy y I(y log( 1))    , 

(3-12’)                                    *

it i it it i ity F q v      , where vit ~ N(0, Vi), 

(3-13’)                                    it it it 1 it itH u w     , where wit ~ N(0, Wi). 

By stacking the above equations across movies and adding the heterogeneity equation (3-6), our 

DLM is ready to be estimated: 
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(3-11’’)                                *

t t ty A y ,   

(3-12’’)                                *

t t t ty F Q v    , 

(3-13’’)                                t t t 1 t tH u w     ,  

(3-14’’)                                 M    ,  

where 

* *
1t 1t 1t

* *
2t *2t 2t

t t t

* *
Nt Nt Nt

y ˆI(y log( 1)) 0 0 y

y ˆ0 I(y log( 1)) 0 y
y ,A , y ,

0 0 0

y ˆ0 0 I(y log( 1)) y

     
    

       
    
    

         

 

1t 1t 1 1t

2t 2t 2 2t

N i t t t

Nt Nt N Nt

q 0 0 v

0 q 0 v
F I F , ,Q , , v

0 0 0

0 0 q v

        
        
               
       
       

        

, 

1t 1t 1t

2t 2t 2t

t t t

Nt Nt Nt

H 0 0 u w

0 H 0 u w
H ,u , w ,

0 0 0

0 0 H u w

     
     
       
     
     
     

 

1 1 1

2 2 2

N N N

M

M
,M , ,

M

      
     
 
         
     
     
      

t N t Nv ~ N(0,V I ),w ~ N(0, I W)  , and N~ N(0, I )  . 

 

Note that the DLM is constructed assuming that all movies in the data set starts its first 

advertising all in the same week. This is not true as some movies start first advertising earlier 

than others. This unbalanced panel structure is considered during the estimation by modifying 

the matrix Hit and the vectors Fi and uit as follows. Before the first advertising of movie i, Hit is 

replaced by the identity matrix of size two, and Fi and uit are replaced by the zero column vector 
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of size two. This modification represents that, when time t is before the first advertising of movie 

i (i.e., t < fi), only random errors influence advertising goodwill (that is net of WTS) and 

advertising effectiveness. That is, θit = θi,t-1 + wit. Also, this modification implies that the search 

volume of a movie before its first advertising is accounted for only by its attributes 

( *

it i ity x v  ). When estimating the DLM, we use these modified versions of Hit, Fi and uit. 

The model is estimated by a Gibbs sampler that embeds the forward-filtering/backward-

sampling (FF/BS) step to estimate the time-varying paper θit (West and Harrison 1997). The 

Gibbs sampler also embeds the MCMC step proposed by Chib (1992) to augment the censored 

latent variable  * *

it it
ˆy ; y log( 1)   from the truncated normal distribution with support

ˆ( , log( 1))  . In the following subsection, we briefly describe the MCMC step for our Tobit 

model. The complete algorithm for our final DLM is described in subsection 3.8. 

 

3.4.1. Data-Augmentation Step for Truncated Search Volume 

The truncated data can be simulated by a Gibbs sampler proposed by Chib (1992). It applies the 

data augmentation technique by Tanner and Wong (1987). In what follows, we introduce the data 

augmentation step of Chib (1992). Let y1 be the nonzero observations of yit and let y0 be the 

censored observations—i.e., every element of vector y0 is zero. Suppose that along with the 

censored observations y0, corresponding latent data z is available. By definition, all elements of z 

should be smaller than the threshold ˆlog( 1) . Then, it must hold that the joint posterior 

distribution of parameters conditional on y0, y1, and z is equivalent to the joint posterior 

distribution of the parameters conditional only on y1 and z. That is, parameters | y0, y1, z ~ 

parameters | y1, z, where ~ denotes equality in distribution. Although z is not available, we can 
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simulate it from its distribution. The distribution of zit, an element of z, is a truncated normal 

distribution with support ˆ( , log( 1))   and conditional pdf  

(3-15) it i it it i i it it i
it it i it it i i

i i i

ˆz F q log( 1) F q1
f (z | y ,F q ,V ) ,

V V V

              
         

   
   

      

                                                         it
ˆz log( 1),   (i, t) ,      

where Γ = {(i, t); Sit = 0}, the set of indexes of movies and weeks for which Google search index 

is zero. In each iteration of the Gibbs sampler, we draw random numbers from (3-15) and replace 

the truncated data points in the original data set. Based on this augmented data set, the model 

parameters are estimated. This process is iterated sufficiently many times to guarantee the 

convergence of the Markov chain. 

 

3.5. Empirical Analysis 

The model (3-11’’) – (3-14’’) and (3-15) is applied to our movie data set. For numerical stability, 

we scale down the search volume measure by 10
3
. That is, yit in (3-11) is log((Sit + 1) / 1000). 

The threshold of the left-truncated search volume is scaled accordingly.  

 

3.5.1. Model Comparison 

We compare the performance of the proposed model with alternative models. Model 1 assumes 

that the advertising effectiveness is constant over time. That is, qit = qi for all t.  Model 2 removes 

the time-to-launch effect, namely ψi = 0 in Model 2. This is a heterogeneity-extended version of 

Naik, Mantrala and Sawyer (1998). Model 3 assumes that the time-invariant parameters are 
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homogenous across movies: i.e., ϕi = ϕ for all i in Model 3. Model 4 does not consider the left-

truncated nature of the Google search index. Model 5 and Model 6 are the proposed models. 

Model 6 relates the heterogeneity of time-invariant parameters with movie characteristics while 

Model 5 relates the heterogeneity with a common intercept for each parameter. Table 3.4 

summarizes the performance of the models in terms of the negative log-likelihood value. The 

log-likelihood of DLM measures the one-week ahead forecasting performance (West and 

Harrison 1997, pp. 326–329). Note that the proposed model outperforms alternative models in 

terms of one-week ahead forecasting accuracy of online search volume.  

Table 3.4: Model Comparison  

Model 

Model Description 

-Log-like 
Ad effectiveness 

Willingness-to-

search 
Heterogeneity 

Left-censored 

search index 

M1 Constant Yes Yes Modeled 3970.90 

M2 Time-varying No Yes Modeled 4933.80 

M3 Time-varying Yes No Modeled 3254.70 

M4 Time-varying Yes Yes Not modeled 3892.60 

M5 Time-varying Yes Intercept only Modeled 3050.90 

M6 Time-varying Yes Movie 

characteristics 

Modeled 3106.90 

 

Several things are worthy of attention. First, comparing Model 1 and the propose model 

reveals that advertising effectiveness is time-varying over the course of movie life cycle. Second, 

the inferior performance of Model 2 implies that incorporating WTS is critical. Especially, note 

that Model 2 is the worst, suggesting that WTS is the most important element in modeling the 

pre-launch online search volume. Third, comparing Model 3 and the proposed model reveals that 

advertising effectiveness and WTS effect are substantially heterogeneous across movies. Lastly, 
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the inferior performance of Model 4 shows that modeling the left-truncated nature of weekly 

Google search index is important.  

 

3.5.2. Parameter Estimates 

Table 3.5 reports the posterior medians and 95% highest probability density interval (HPDI) of 

the parameters in Model 5. Table 3.6 reports the posterior medians and 95% HPDI of the 

estimates of parameter vector γ of (3-6) in Model 6, namely, the impacts of movie characteristics 

on the time-to-launch effect and advertising schedule effect.   
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Table 3.5: Parameter Estimates 

Covariate 
Median 

Estimate 

2.5
th

  

HPDI 

97.5
th

 

HPDI 
Time-to-launch effect, ψ -0.48 -0.44 -0.41 

Carryover rate, 1 – δ 0.94 0.94 0.94 

Deterioration of ad effectiveness due to time passage, c 0.75 0.79 0.83 

Effect of the previous week’s advertising, w 0.07 0.08 0.08 

    

Effect of movie characteristics on search volume, β    

Sum of past revenues of the director  0.14 0.18 0.22 

Average rating of past movies of the director 0.16 0.42 0.67 

Standard deviation of  ratings of past movies of the director 1.73 2.32 2.89 

Genre: Action 0.50 0.69 0.88 

Genre: Comedy -0.60 -0.41 -0.22 

Genre: Drama 0.28 0.49 0.70 

MPAA rating: R  -2.72 -2.18 -1.65 

MPAA rating: PG -2.86 -2.32 -1.79 

MPAA rating: PG13 -2.66 -2.13 -1.61 

Sequel 2.31 2.55 2.79 

    

Post-launch week effect    

One week after launch 0.80 1.00 1.21 

Two weeks after launch 0.51 0.71 0.92 

Three weeks after launch 0.32 0.52 0.73 

Four weeks after launch 0.17 0.37 0.58 

Five weeks after launch 0.04 0.25 0.45 

    

Observation variance, V 1.05 1.11 1.18 

    

System variance on goodwill, W
G
 3.61e-10 1.01e-09 1.10e-06 

System variance on ad effectiveness, W
q
  1.06e-11 4.77e-11 5.64e-08 

    

Heterogeneity variance, Σξ    

Variance for ψ 2.06e-2 2.67e-2 3.54e-2 

Variance for δ 3.70e-4 4.78e-4 6.33e-4 

Variance for c 3.42e-2 4.43e-2 5.88e-2 

Variance for w 2.24e-4 2.90e-4 3.83e-4 
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Table 3.6: Effects of Movie Characteristics on Heterogeneous Ad Effectiveness 

Movie Characteristics 
Median 

Estimate 

2.5
th
  

HPDI 

97.5
th
  

HPDI 
Effect of movie characteristics on Time-to-launch effect (ψ)    

Intercept -2.09 -1.87 -1.65 

Sum of past revenues of the director  0.03 0.04 0.04 

Average rating of past movies of the director 0.72 0.81 0.91 

Standard deviation of  ratings of past movies of the director -0.11 -0.03 0.06 

Genre: Action 0.19 0.21 0.23 

Genre: Comedy 0.11 0.13 0.15 

Genre: Drama 0.25 0.27 0.29 

MPAA rating: R  -0.15 -0.10 -0.05 

MPAA rating: PG -0.05 0.00 0.05 

MPAA rating: PG13 -0.18 -0.13 -0.08 

Sequel 0.03 0.05 0.07 

    

Effect of movie characteristics on 1 minus carryover rate (i.e., δ)    

Intercept 0.23 0.31 0.39 

Sum of past revenues of the director  0.00 0.00 0.00 

Average rating of past movies of the director -0.14 -0.10 -0.07 

Standard deviation of  ratings of past movies of the director 0.08 0.11 0.14 

Genre: Action -0.03 -0.02 -0.01 

Genre: Comedy -0.03 -0.03 -0.02 

Genre: Drama -0.07 -0.06 -0.06 

MPAA rating: R  -0.15 -0.13 -0.11 

MPAA rating: PG -0.16 -0.14 -0.12 

MPAA rating: PG13 -0.14 -0.12 -0.10 

Sequel 0.02 0.03 0.04 

    

Effect of movie characteristics on c    

Intercept -1.42 -0.42 0.56 

Sum of past revenues of the director  0.02 0.03 0.05 

Average rating of past movies of the director 0.25 0.67 1.09 

Standard deviation of  ratings of past movies of the director 0.48 0.86 1.25 

Genre: Action -0.03 0.05 0.13 

Genre: Comedy 0.03 0.10 0.18 

Genre: Drama 0.00 0.09 0.17 

MPAA rating: R  -0.83 -0.62 -0.40 

MPAA rating: PG -0.73 -0.52 -0.31 

MPAA rating: PG13 -0.80 -0.59 -0.38 

Sequel -0.60 -0.50 -0.40 

    

Effect of movie characteristics on w    

Intercept -0.40 -0.32 -0.23 

Sum of past revenues of the director  -0.01 -0.01 -0.01 

Average rating of past movies of the director 0.10 0.14 0.17 

Standard deviation of  ratings of past movies of the director -0.05 -0.02 0.02 

Genre: Action 0.02 0.02 0.03 

Genre: Comedy 0.00 0.00 0.01 

Genre: Drama -0.02 -0.01 -0.01 

MPAA rating: R  0.09 0.11 0.13 

MPAA rating: PG 0.11 0.13 0.15 

MPAA rating: PG13 0.08 0.10 0.12 

Sequel 0.10 0.11 0.11 
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First, the time-to-launch has a negative effect on consumer search intensity. This means that, 

ceteris paribus, the same advertising spending allocated in a pre-launch week generate less 

search volume, the further apart the week is from the launch time of a movie in its pre-launch 

period. The effect size is substantial. On average, the weekly search volume decreases by a factor 

of 0.64 (= exp(-0.44)) as the advertising is done one-week earlier from the launch week. That is, 

if a certain amount of ad generates 1,000 search activities in the launch week, the same amount 

of ad would generate only 640 (= 1, 000 × 0.64) search activities if the ad were aired one week 

before the release week—all else being equal. 

Table 3.6 shows how movie characteristics influence the time-to-launch effect. Notably, 

consider the past performance of directors and the sequel nature of the movie—i.e., whether the 

movie is a sequel or not. The more successful history a movie director has in terms of his or her 

total past revenue and the average past user ratings earned, the less vulnerable the movie is to the 

time-to-launch effect in attracting consumer interests across the whole pre-launch weeks. In 

other words, given that the same amount of advertising is executed, consumers are more willing 

to search for movies made by highly achieved directors than movies made by their less 

successful peers over the entire pre-launch period. The same pattern is observed for sequel 

movies versus original movies (Figure 3.2(a)). Perhaps, consumers relate such characteristics to 

movie quality (Basuroy, Desai and Talukdar 2006). As movie quality is associated with the 

benefit of movie consumption, movies with such characteristics enjoy more consumer interests 

(Beatty and Smith 1987; Punj and Staelin 1983; Srinivasan and Ratchford 1991) and thus more 
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search volume over the entire pre-launch period, compared with movies without such 

characteristics.  

Figure 3.2: Illustration of the Time-to-Launch Effect 
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(Launch week)
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(two weeks before)
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volume

1
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Average time-to-launch effect 

Time-to-launch effect for sequel movies or 

movies made by highly achieved directors  
(a) Movies made by highly achieved directors 
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0
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Search 
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1
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(0.64)2

Average time-to-launch effect 

Time-to-launch effect for movies made by

directors characterized by high standard deviation 

of user ratings for their past movies.  
(b) Movies made by directors of high standard deviation  

of user ratings for their past movies 
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On the other hand, the standard deviation of past user ratings of the focal movie’s director 

exacerbates the time-to-launch effect (Figure 3.2(b)). Consumers tend to interpret a high standard 

deviation of director ratings as high uncertainty about the quality of the movies made by the 

director. While previous research finds that uncertainty increases search activities (Moorthy, 

Ratchford and Talukdar 1997), our finding implies that the search activities tend to be reserved 

until the weeks that immediately precede the movie release. For managers, these findings imply 

that early pre-launch advertising is more effective for high-quality movies (versus low-quality 

movies) and for movies of low quality uncertainty (versus movies of high quality uncertainty).  

Second, consider how advertising effectiveness is influenced by the passage of time since the 

first advertising. The estimated significant positive effect of time passage on advertising 

effectiveness indicates that, from the first week of advertising, the advertising effectiveness 

gradually decays over time. Note that this steady decrease of advertising effectiveness happens 

regardless of the past advertising intensity or existence of ad hiatus.  

Table 3.6 shows that the passage-of-time effect is moderated by movie characteristics. The 

gradual decay of ad effectiveness due to the passage of time is severer for movies made by 

highly achieved directors—in terms of past gross revenue and past average user rating—and 

movies made by directors of controversial past performance—in terms of the standard deviation 

of past user ratings. The advertising effectiveness of sequel movies is less vulnerable to the 

passage of time that that of original movies. 

Third, consider how advertising effectiveness is influenced by the past advertising intensity. 

We find that the advertising effectiveness in the current week is negatively associated with the 

previous week’s advertising intensity. That is, the more advertising budget was allocated in the 
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previous week, the fewer search activities are generated by a given amount of advertising in the 

current week. The estimation results show that doubling the previous week’s advertising 

spending decreases the current week’s advertising effectiveness by 8% of the previous week’s 

advertising effectiveness
5

—all else being equal. Perhaps, the previous week’s advertising 

reduces the number of potential movie consumers that the current week’s advertising can 

influence because some consumers have already searched for the advertised movies as a 

response to the previous week’s advertising.  

Table 3.6 shows that movie characteristics moderate the relationship between the previous 

week’s advertising intensity and the current week’s advertising effectiveness. Advertising for 

sequel movies—versus that for original movies—are more susceptible to the negative impact of 

the previous week’s advertising intensity. Movies made by directors who are known for higher 

user ratings for their past movies are more vulnerable to this substitutive relationship between 

consecutive weeks’ advertising.  

Fourth, advertising carryover is within the previously reported range (Bruce 2008), and is 

influenced by movie characteristics. Notably, movies made by directors whose past movies 

enjoyed higher user ratings are associated with a higher carryover rate than movies made by 

directors whose past movies experienced lower user ratings. As carryover rate is related to the 

lasting effect of past advertising, this finding suggests that such movies—i.e., movies made by 

directors whose past movies enjoyed higher user ratings—enjoy a longer-lasting effect of 

advertising than original movies.  

                                                           

5
 

it it

it
i,t 1 i,t 1

dq
w q 0.08 q

d A A
       . 



- 77 - 
 

Finally, let us consider how overall search volume of a movie is associated with the movie’s 

characteristics as presented in Table 3.5. Because movie characteristics in the main model are 

included regardless of advertising schedule, the effects of movie characteristics in Table 3.5 

show how movie characteristics influence consumers’ general tendency to search for movie 

information across the entire movie life cycle. Consistent with implications from previous 

research (Beatty and Smith 1987; Punj and Staelin 1983; Srinivasan and Ratchford 1991), we 

find that consumers’ search intensity is higher for movies made by high-profile directors—in 

terms of their past revenues and user ratings—than those made by less achieved directors. The 

standard deviation of user ratings of past movies of the focal director is also positively associated 

with online search volume of the new movie made by the focal director. Consumes may interpret 

high standard deviation of past user ratings of a director as a signal for high quality uncertainty 

of new movies that will be made by the director. As such, consumers may tend to search more 

for the new movies made by such directors to reduce the quality uncertainty about the new 

movies. Sequel movies tend to receive more search actions from consumers than original movies, 

because consumers may think that sequel movies are better in quality than original movies 

(Basuroy, Desai and Talukdar 2006).  

 

3.6. Reallocation of Advertising Budget 

Given that the pre-launch search volume of a new movie reflects the pre-launch interest level of 

consumers for the new movie, studio managers may want to use the estimation results to plan 

efficient allocations of a given advertising budget across pre-launch weeks. For that matter, first 

note that diverse factors, including past advertising outlay, time to launch, advertising carryover 

and the initial ad effectiveness, influence the effect of pre-launch advertising on pre-launch 
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search volume. As such, it is hard, if not impossible, to suggest a general prescription that can be 

applicable to every movie. However, a few implications can be garnered from the model and 

estimation results.  

First, the large time-to-launch effect implies that, all else being equal, the less is search 

volume generated by the same amount of advertising, the further the advertising campaign is in 

advance of release. Therefore, early pre-launch advertising should be avoided if the sole 

objective of advertising is to generate as much consumer interest as possible.  

Second, if early advertising should be conducted for some reason (e.g., signaling to 

competitors or securing distribution at launch), it is recommended to have hiatus periods (i.e., 

periods with no advertising) between the early advertising and the main advertising. This is 

because ad effectiveness restores during the hiatus periods. In fact, restoration of ad effectiveness 

during ad hiatus period implies that early pre-launch advertising that aims to influence 

distributors’ screen allocation decision is justified if sufficiently long hiatus period exists 

between the early advertising and the main advertising. The worst pre-launch-advertising 

schedule, in terms of efficient generation of consumer interest, is to start advertising early in the 

pre-launch period and never have a hiatus period before the launch week.  

Third, the negative effect of past advertising intensity on the current ad effectiveness implies 

that the same amount of current search volume can be achieved with less advertising spending 

across weeks. Note that the current search volume is the sum of the search volume that is 

generated by the current advertising and a part of previous search volume that carries over from 

the previous period. As the two components of current search volume have a substitutive 
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relationship, it is possible to reduce the advertising spending across entire weeks and maintain 

the same level of search volume in the final week.  

Fourth, because willingness-to-search effect varies by movie characteristics, early pre-launch 

advertising can be more effective for a certain type of movies than others. Specifically, early pre-

launch advertising can more efficiently generate consumer search for sequel movies and movies 

made by highly achieved directors.  

More formally, we can set up a constrained nonlinear optimization problem to suggest 

efficient advertising schedules for a given advertising budget. The parameter estimates in the 

previous section are used to define the relationship between an advertising schedule and the 

search volume generated by the schedule. Our objective is to generate as much search volume as 

possible in the launch week through an efficient allocation of a given budget across pre-launch 

weeks. Let E(Si0) be the expected search volume of movie i in the launch week. Then, the 

optimization problem is stated in (3-16). 

 (3-16)                          

it

it

i0
A

it i it

t

G

it it

it i i,t 1 i,t 1 it

it i i it i,t 1 i it i,t 1

Max    E(S )

s.t.

     A b ,      A 0,

where

     E(S ) e ,

     G (1 )G q log(A 1),

     q (1 c w log(A 1))q I(A 0)(1 q ),

 

 

 

 

   

       



 

Ait is the advertising budget of movie i at the pre-launch week t, and bi is the pre-launch 

advertising budget allowed to movie i. Note that the full managerial problem is more complex 

than (3-16) because we need to determine when to start the first advertising, when to temporarily 
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stop the advertising and how much to allocate in each period.6 Also, more constraints may be 

added in the budget allocation process. For example, there may be a limit on the media space 

(e.g., airtime on TV) that a firm can purchase during a unit time interval. Such constraints are not 

considered in (3-16).  

The solution to (3-16) is not necessarily the global optimum as the objective function is not 

globally concave. However, a solution to (3-16) can suggest an improvement over the original 

advertising schedule used by management. We solve (3-16) for three selected movies: Gran 

Torino, Paul Blart: Mall Cop and Twilight. We use each movie’s original advertising schedule as 

the initial solution for the optimization problem. The original advertising schedules of these 

movies are characterized by small early advertising spending, ensuing ad hiatus, and then a main 

advertising campaign that follows the hiatus. Figure 3.3 compares the original advertising 

schedule with a superior one for each of the three movies. The two schedules execute the same 

amount of pre-launch advertising budget but the superior allocation schedules generate more 

cumulated search volume in the launch week by 2,668%, 1,504% and 226%, respectively, for the 

three movies.  

  

                                                           
6
 For the complexity of the problem, see Naik, Mantrala, and Sawyer (1998) pp. 228-229. 
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Figure 3.3: The Original Advertising Schedule and a Superior Schedule 

 
(a) Gran Torino 

 
(b) Paul Blart: Mall Cop 

 
(c) Twilight 
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A common feature of the three movies is that their initial advertising effectiveness is high. 

Gran Torino’s initial advertising effectiveness is 0.48 and those of Paul Blart: Mall Cop and 

Twilight are 0.51 and 0.27, respectively. The high initial advertising effectiveness justifies high 

spending in the early weeks to generate high early search volume. It also contributes to high 

search volume in the subsequent weeks through the carryover effect of initial advertising. 

However, high early spending hurts the advertising effectiveness in the later periods. As such, 

the solution recommends a hiatus period after the initial large spending to restore the advertising 

effectiveness. The restored effectiveness will work to generate search volume efficiently in later 

periods. Note that, in the weeks that immediately precede the launch time, the suggested 

allocation schedules spend less than the original schedules.  

 

3.7. Conclusions 

This study examines how advertising generates consumer interest for new products in their pre-

launch periods. To this end, we develop a model that relates the advertising schedule to Google 

keyword search volume. The two pillars of the model are the time-varying advertising 

effectiveness and consumers’ changing willingness-to-search. We assume that the advertising 

effectiveness is influenced by specifics of the advertising schedule such as the passage of time 

since the first execution of advertising, the previous period’s advertising intensity and the 

existence of ad hiatus periods. The willingness-to-search is specified by the time-to-launch and 

product attributes. We apply the model to a movie data set that consists of weekly advertising 

spending, weekly search volume and movie characteristics. The final model specification for 

estimation incorporates the unbalanced structure of the panel data and the left-censored feature 

of the Google search index. The model is estimated in the Bayesian DLM framework. The 
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estimated parameters are input to a constrained nonlinear optimization problem to find a more 

efficient advertising schedule during the pre-launch period.  

We obtain several interesting findings from the empirical analysis. First, keyword search 

volume in the pre-launch period is substantially influenced by the time-to-launch effect. Second, 

the advertising effectiveness for generating keyword search volume varies over time as a 

function of the advertising schedule. Third, the time-to-launch effect and time-varying 

advertising effectiveness are significantly influenced by movie characteristics. Thus, a same 

advertising schedule for different movies generates different search volume processes.  

We suggest new data to measure the pre-launch advertising effectiveness. The Google search 

index we use is readily available public data that is observed before a new product is launched. 

Compared with conventional data such as consumer awareness and purchase intent, an online 

search index does not require a consumer survey and can be traced for an extended pre-launch 

period. Compared with the virtual stock price such as the one on the Hollywood Stock Exchange, 

the online search volume is not restricted to the movie industry; it can be collected for any 

product, event or human. Also, as the superior predictive ability of online search volume 

suggests, online search volume is a good reflector of consumer interest.  

There are promising future research directions. First, while online search volume represents 

the level of awareness among the consumer population, it does not indicate the valence of 

consumer opinion. If a product is experiencing negative word-of-mouth versus positive word-of-

mouth, higher search volume for the product may not necessarily mean higher sales of the 

product. In other words, the online search volume may interact with the prevailing valence of 

word-of-mouth to influence sales. Therefore, examining the interaction between search volume 
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and word-of-mouth valence may reveal interesting insights into the relationship between search 

volume and sales. Second, pre-launch consumer interest will be converted into sales when the 

new products become available. Whether the pre-launch advertising has a permanent versus 

temporary effect on sales is an important question. The pre-launch search volume may be used to 

answer this question.  

 

3.8. Appendix to Chapter 3 

 

3.8.1. The Dynamic Linear Model 

The model we estimate is specified by equations (3-11’’) – (3-14’’). 

(3-11’’)                                     *

t t ty A y ,   

(3-12’’)                                     *

t t t ty F Q v    , 

 

(3-13’’)                                     t t t 1 t tH u w     ,  

(3-14’’)                                      M    ,  

where 

* *
1t 1t 1t

* *
2t *2t 2t

t t t

* *
Nt Nt Nt

y ˆI(y log( 1)) 0 0 y

y ˆ0 I(y log( 1)) 0 y
y ,A , y ,

0 0 0

y ˆ0 0 I(y log( 1)) y

     
    

       
    
    

         

 

1t 1t 1 1t

2t 2t 2 2t

N i t t t

Nt Nt N Nt

q 0 0 v

0 q 0 v
F I F , ,Q , , v

0 0 0

0 0 q v

        
        
               
       
       

        

, 
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1t 1t 1t

2t 2t 2t

t t t

Nt Nt Nt

H 0 0 u w

0 H 0 u w
H ,u , w ,

0 0 0

0 0 H u w

     
     
       
     
     
     

 

1 1 1

2 2 2

N N N

M

M
,M , ,

M

      
     
 
         
     
     
      

t N t Nv ~ N(0,V I ),w ~ N(0, I W)  , and 
N~ N(0, I )  . 

Let us define additional variables for clarity. 

 

i: index for movie. 

t: index for week. 

0

it : index for the week when the first execution of movie i’s advertising campaign starts. 

N: number of movies. 

T: number of time points (weeks) 

Ti : number of observations of movie i since its first advertising. 0

i iT   T t 1   . 

Γ = {(i, t); Sit = 0}: the set of index of movies and weeks whose Google search index is zero. 

yit = log(Sit+1): log of observed search volume. Note that yit = 0 if Sit = 0. 

i i1 i2 iTy   (y ,  y ,  ,  y )  : vector of log observed search volume time-series of movie i. 

1 2 Ny  (y ,  y ,  ,  y )     : vector of log observed search volume of all movies. 

n0: the number of zero search volume across all movies and time. 

n1 = N*T – n0: the number of nonzero search volume across all movies and time. 

y0: vector of zero search volume of size n0.  0 ity  {y ,  i, t }.   

y1: vector of nonzero search volume of size n1.  1 ity  {y ,  i, t }  . y = {y1, y0}. 

 it z  {z ;  i, t }  : vector of corresponding simulated latent data for y0. 



- 86 - 
 

y
(z)

: vector of log search volume with y0 replaced by z. (z)

1y {y ,z} . 

 

3.8.2. The Gibbs Sampling Algorithm  

1) Draw zit 

For each  i,  t  , 

it it i it it i i it it i it
ˆz | y ,F q ,V ~ TN(F q ,V) I(z log( 1))             , where TN denotes the truncated 

normal distribution. I(∙) is an indicator function.  

Truncated Normal pdf for zit:  

it i it it i i it it i
it it i it it i

ˆz F q log( 1) F q1
f (z | y ,F q ,V) ,

V V V

              
         

   
                                                              

where it
ˆz log( 1),   (i, t) ,      

zit drawn from the above distribution replaces the corresponding element of y0 to create y
(z)

. 

 

2) Draw θt 

We use the forward-filtering/backward-sampling steps to draw the time-varying parameter θt. 

- Forward filtering 

(a) Posterior at t-1: 
t 1 t 1 t 1 t 1( | D ) ~ N(m ,C )    . 

(b) Prior at t: 
t t 1 t t( | D ) ~ N(a ,R ) , where 

t t t 1 t t t t 1 ta H m u ,  R H C H W 
    . 

(c) One-step ahead forecast of (z) (z)

t t ty y Q   : (z)

t t 1 t ty | D ~ N(f ,B ) , where 

t t t tf F a ,  B F R F V    . 

(d) Posterior at t: t t t t( | D ) ~ N(m ,C ) , where 1 (z) 1

t t t t t t t t t t tm a R FB (y f ),  C R R FB F R       . 
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- Backward sampling 

at t=T: T T T T( | D ) ~ N(m ,C ) . 

at t=T-1, …, 0: t t 1 t t t( | ,D ) ~ N(g ,K )  , where 

1 1

t t t t 1 t 1 t 1 t 1 t t t t 1 t 1 t 1 tg m C H R ( a ),  K C C H R H C 

      
       . 

 

In each iteration, the initial values m0 is updated by g0. 

 

3) Draw  1 2
      

- Regression equation:  (z)

it i it i it ity F | t | x v       

By stacking the above equation across time for movie i, we get Y = Xβ + ε. Then,  

- Likelihood:        
1 1

1 1 1
~ N X Cov( ) X X Cov( ) Y, X Cov( ) X N(d ,S )

 
  

 

        
 

. 

- Prior distribution: ~ N( , )   . 

- Posterior distribution:  
i

1 1 1 1 1 1 1 1~ N ( S ) ( S d ), ( S )       

             . 
 

 

4) Draw  i i i i i, ,c , w      

Note that the data range varies movie by movie, because the first execution time of advertising 

campaign differs movie by movie. The data before the first advertising of movie i is discarded to 

estimate i  because these parameters are relevant only after the first advertising of movie i 

started.  

 

- Regression equation:  
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i ,t 1

(z)

it i it it i it

G

it i,t 1 it i i,t 1 it

q

it i it i,t 1 i i,t 1 i it i,t 1 it

q

i,t 1 it i,t 1 i i it

p

y F x | t | v ,

G q g(A ) G w ,

q I(A 0)(1 q ) c q w g(A )q w

      q g(A )q c w w .



 

  

 

       

    

       

     

 

Let 0

it  be the week of the first pre-launch advertising of movie i. For each movie, stack the above 

equations across time. 

0 0 0
i i i

0 0 0
i i i

0 0 0
i i i

i

(z)

1 ii,t i,t i,t

(z)

iT 1 iT iT

i,t i,t 1 i,t

iT iT 1 iT

ii,t i,t i,t 1

iT i iT i,T 1

Y

y F x | t

y F x

G q g(A )

G q g(A )

q I(A 0)(1 q )

q I(A 0)(1 q )
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, or i i i iY  X      . 

Then,  

- Likelihood: 

       
i i

1 1
1 1 1

i i i i i i i i i i~ N X Cov( ) X X Cov( ) Y , X Cov( ) X N(d ,S )
 

  

 

        
 

. 

- Prior distribution: i i~ N(M , )    as in (3-6). 

- Posterior distribution:  
i i i i

1 1 1 1 1 1 1 1

i i~ N ( S ) ( M S d ), ( S )       

              . 
 

 

5) Draw γ 

- Regression equation: i i iM     as in (3-6). 
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By rearranging the regression equation we get 
(k) (k) (k) (k)M     where 

(k)  is the vector of k
th

 

parameter of size (N × 1).  By stacking this equation over k (and by abusing the notations), we 

get  4I M     . Then, 

- Likelihood: 

           
1 1

1 1 1

4 4 4 4 4k
~ N I M I M I M , I M I M N(d ,S )

 
  

 

              
 

, 

where   is the corresponding covariance matrix of the error term. 

- Prior: γ ~ N(γ0, Σγ). 

- Posterior:  1 1 1 1 1 1 1 1

0~ N ( S ) ( S d ), ( S )       

              . 

 

6) Draw Σξ 

- Regression equation: i i iM     as in (3-6).   

- Prior: Σξ  ~ IW (vξ, Sξ). 

- Posterior:  N

i i i it 1
~ IW v N, S ( M )( M )   

          

 

7) Draw V 

- Regression equation: (z)

it i it it i ity F q v       for all i and t. 

- Prior: V ~ IG (vv/2, Sv/2). 

- Posterior:     N T (z) (z)

v v it i it it i it i it it ii 1 t 1
V ~ IG v NT 2, S (y F q )(y F q ) 2

 
               .
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8) Draw W 

Let 

G G q

i i i i

i it
G q q

i i i i

W r W W
W var(w )

r W W W

 
  
 
 

 and G G

i itW var( )   and q q

i itW var( )  . 

 

Stack the equation it it it 1 it itH u w      across movies and time. Then for each movie, discard 

the data points that belong to the time periods where the advertising of the movie has not yet 

started. Then,  

- Regression equation: it it it 1 it itH u w      for i = 1, …, N and t = 0

it , …, T. 

- Prior distribution: w wW ~ IW(v ,S ) . 

- Posterior distribution: 

 0
i

N N T

W i W it it it 1 it it it it 1 iti 1 i 1 t t
W ~ IW v T , S ( H u )( H u )   

            , where 

0

i iT   T t 1   , the number of time points of movie i. 
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4. When Is Search Volume a Good Predictor of Demand? Product Quality and  

the Predictive Performance of Search Volume 

 

4.1. Introduction 

This study aims to provide an explanation on the varying performance of online search volume 

in predicting new-product demand. While early studies in this area report that collective online 

activity of consumers provides excellent predictive ability for market outcomes (Goel et. al., 

2010; Kulkarni, Kannan, and Moe 2012; Mao, Counts, and Bollen 2011; Mestyan, Yasseri, and 

Kertesz 2012; Wu and Brynjolfsson 2009), recent studies report that excellent predictive 

performance of collective activity of online users may be limited to certain products (e.g., Wong, 

Sen, and Chiang 2012).  

Online search volume of a product, which measures the collective online search activity of 

consumers, is a highly cited metric for its excellent predictive performance as well as ready 

availability. Focusing on the online search volume of motion pictures, we answer the question of 

when the online search volume of a movie reflects the consumers’ collective purchase intent for 

the movie well, and when it does not. To answer the research question, we focus on the 

differential effects of two quality constructs—the perceived quality and perceived uncertainty 

about the quality—in influencing consumer search activity and converting the search activity 

into actual demand.  

We hypothesize that both the perceived quality and quality uncertainty of a movie increase 

consumers’ search activity for the movie, while it is only perceived quality—and not perceived 

uncertainty about quality—that positively influences the conversion from search into demand. 

The intuition is that any consumers want to reduce the risk of consuming an unknown product, a 



- 94 - 
 

means of which is to search for information about the product. As such, the perceived quality 

uncertainty as well as the perceived quality of a movie can generate consumer search. On the 

other hand, the search activity motivated by quality uncertainty may not be converted into 

demand unless the perceived quality of the movie is sufficiently high to persuade consumers to 

watch it. As such, the perceived quality uncertainty of a movie will have no, if not negative, 

influence on the conversion from search into demand. The negative effect of quality uncertainty 

on the conversion process may be observed if consumers’ tendency to avoid consumption risk is 

sufficiently high.  

Quality is an abstract concept, and there exist different states of quality of a product over its 

life cycle (Golder, Mitra, and Moorman 2012). As such, we utilize different observable variables 

to operationalize consumers’ perceived quality and quality uncertainty about a movie over its life 

cycle. Then we relate the observable quality variables with the online search volumes and 

revenues of movies in our model. The model consists of two systems of simultaneous equations, 

one for the opening week and the other for the subsequent weeks. The model is applied to a 

movie data set.  

We find supporting evidence for our hypotheses. First, on the effect of quality and quality 

uncertainly on pre-launch search volume and opening-week revenue, we find that 1) both 

perceived quality and quality uncertainty about a movie increase pre-launch search volume of the 

movie; 2) only the perceived quality positively moderates the conversion of the pre-launch 

search volume into opening-week revenue. Second, we extend our analysis to the post-launch 

period and find the same results by use of different operationalizations of quality and quality 

uncertainty. Our findings imply that managers should interpret with caution the market demand 

predicted with online search volume (e.g., Kulkarni, Kannan, and Moe 2012). 
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Our contribution is both substantive and methodological. Substantively, we provide an 

explanation for why online search volume, which is receiving tremendous attention for its ability 

to provide business intelligence, may not be a good predictor of market demand for certain 

products from the same industry. New-product managers, especially movie studio managers, 

may want to use our findings to better forecast the market demand of their products. 

Methodological contributions are two fold. First, we propose a practical way of measuring the 

pre-launch quality of movies which can be used to better predict their pre-launch search volume. 

Second, we devise a novel method of constructing cross-sectionally comparable search volume 

measures from the readily available Google search indices.  

The rest of the paper is organized as follows. We review relevant research and develop our 

hypotheses. Then we introduce our movie data set. We develop two systems of dynamic 

simulation equations and estimate them to test our hypotheses. We then provide managerial 

implications and formulate conclusions. 

 

4.2. Relevant Literature and Theory Development 

 

4.2.1. Quality Perception, Search Volume, and Demand 

Perceived Quality, Quality Uncertainty and Search Volume. Previous research implies that the 

online search volume of a product increases with consumers’ perceived quality of the product 

(Beatty and Smith 1987; Punj and Staelin 1983; Srinivasan and Ratchford 1991). This is because, 

all else being equal, higher quality products generate more interest among consumers, which 

leads to more information-seeking activities for that product. Therefore, if consumers can infer 
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or perceive the quality of a product from some observable sources, research may use those 

sources to predict the search volume of the product. There will be a positive association between 

the perceived quality and the search volume of a product, all else being equal.  

Previous research also implies that perceived uncertainty about a product’s quality can 

influence the search volume of the product. Moorthy, Ratchford, and Talukdar (1997) find that 

perceived uncertainty of a brand increases the amount of search. Hess (1982)’s normative model 

of cost and benefit of search proposes that uncertainty about the payoffs from alternatives 

increases the expected returns of search, which in turn increases the amount of search effort. 

Chatterjee (2001) finds that consumers who are interested in a less popular product (such as 

niche products) are likely to search more. Because less popular products are less familiar and 

thus more uncertain to the consumer population, her finding proposes that more searches will be 

observed for products of higher uncertainty. In the same vein, Zhu and Zhang (2010) find that 

online reviews are more effective in influencing the purchases of less popular products because 

consumers are more likely to seek quality information to minimize the purchase risk. Therefore, 

if consumers can infer the quality uncertainty of a product from observable sources, those 

sources may be used to predict the search volume of the product. There will be a positive 

association between the perceived quality uncertainty and the search volume of a product, all 

else being equal. 

Conversion of Search into Demand. Provided that consumers’ search activities reflect their 

interest in the searched products (Kulkarni, Kannan, and Moe 2012), a certain portion of search 

activities will be converted into actual demand. The conversion of search into demand will be 

influenced by the quality information, as consumers will purchase the product only if they 

conclude that the quality of the product is sufficiently high. The perceived quality and quality 
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uncertainty will have differential effects on the conversion of searching activity to actual 

purchase. The information about the level of quality will positively influence the conversion, 

whereas the information regarding the quality uncertainty will have either negative—if 

consumers regard high quality uncertainty as a signal of risk—or no influence the conversion.  

In sum, consumer search activity works as a mediator between quality perception and actual 

purchase. Both the perceived quality and uncertainty about quality of a product positively 

influence the search volume of the product. In the conversion of search into demand, the 

information on the level of quality positively influences the conversion process, whereas the 

uncertainty has either negative or no effect on the process. Figure 4.1 illustrates our theory. 

Figure 4.1: The Effects of Quality and Quality Uncertainty on Search Volume and Sales 

Perceived uncertainty 
about quality

Perceived level of quality
Search volume Sales(+)

Perceived level of quality

(+)

Quality Perception

Perceived uncertainty 
about quality

(0 or -)

(+)

 

 

4.2.2. Perception of Movie Quality 

In the movie industry, where price differentiation is not a common marketing tool, the quality of 

movies is one of the most influential factors for market success. As Golder, Mitra, and Moorman 

(2012) argue, quality is a complex construct, and there exist different states of quality. Namely, 

in the production stage of a product, the quality of a product is described by the produced 
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attributes; in the experience stage where firms deliver the product to consumers, the attributes of 

the product are subjectively perceived through consumers’ own lens; finally in the evaluation 

stage, consumers generate a summary statement of their experience with the product in the form 

of reviews and ratings.  

The study of Golder, Mitra, and Moorman (2012) proposes that consumers may use different 

sources of information to form their perception on movie quality along a movie’s life cycle. First, 

in the pre-launch period of movies where neither experienced quality nor evaluated quality exists, 

consumers may form a perception on the quality of a movie based on movie characteristics. For 

example, in the pre-launch period of a movie, consumers may consider the participation of high-

profile stars and directors (Basuroy, Desai, and Talukdar 2006; Hennig-Thurau, Houston, and 

Sridhar 2006) and whether the movie is a sequel (Basuroy, Desai, and Talukdar 2006) to form 

their quality perception on the movie.  

Second, the experiential nature of movie consumption makes consumers seek other people’s 

opinions to infer quality and make purchase decision (Bolton, Katok, and Ockenfels 2004; 

Clemons, Gao, and Hitt 2006; Pavlou and Gefen 2004). As such, when professional reviews 

become available, consumers will consider the review information to update their a priori 

assessment about movie quality that was formed solely from movie characteristics. Likewise, 

when user reviews become available, consumers will take them into account to form their 

perception on movie quality. Because consumers and professional critics emphasize different 

criteria when determining movie quality (Holbrook 1999), consumers may weigh more on other 

consumers’ experiences than professional critics’ opinions when both are available.  
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4.2.3. Operationalization of Movie Quality Perception 

As quality and uncertainty about quality are abstract constructs, we operationalize them with 

observable variables for our empirical analysis. As consumers may rely on different information 

sources depending on the availability of the sources, we use different variables to operationalize 

the quality and quality uncertainty of movies over the movie life cycle.  

Pre-Launch Period and the Opening Week. In the pre-launch period of a movie, consumers 

have neither user opinions nor professional reviews
7
. In this period, consumers have no other 

option but to rely on movie characteristics to infer movie quality. In particular, high-profile 

directors of a movie can signal to consumers that the movie is of high quality (Basuroy, Desai, 

and Talukdar 2006). For example, consumers may expect that a movie directed by Steven 

Spielberg is of higher quality than a movie directed by a less successful director. To extend this 

notion, when no review information is available, consumers may consider the past performance 

and filmography of the director of a movie to infer the quality and quality uncertainty of the 

movie. Therefore, we use the past performance of the director of a focal movie to operationalize 

consumers’ pre-launch perception on quality and quality uncertainty about the movie. 

Specifically to operationalize the pre-launch quality of a movie, we use the average of user 

ratings of past movies with which the director of the focal movie have been involved as a 

director, writer, or producer (termed “average director rating from the past”). To operationalize 

the pre-launch quality uncertainty about a movie, we use the standard deviation of ratings of past 

movies with which the director of the focal movie have been involved as a director, writer, or 

producer (termed “standard deviation of director ratings from the past”). The average director 

                                                           
7
 Critic reviews are generally available immediately before movie release. 
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rating and standard deviation of director ratings from the past are used to examine the effect of 

perceived quality and quality uncertainty of a movie on its pre-launch search volume. 

Other observable quantities in the pre-launch period are critic reviews and ratings. Usually 

critic reviews on a new movie are available immediately before the movie’s release. When 

available, they can be used by consumers to update their perception on quality and quality 

uncertainty of the new movie. As such, to examine the effect of quality perception on the 

conversion of pre-launch search volume into opening-week demand of a movie, we use the 

average critic rating and standard deviation of critic ratings of the movie, in addition to the 

average director rating and standard deviation of director rating.  

Post-Launch Period. To a movie consumer, user reviews are considered an important source for 

making the movie-going decision (Chintagunta, Gopinath, and Venkataraman 2010; Holbrook 

1999). Furthermore, when both critic reviews and user reviews are available, consumers tend to 

rely more heavily on user reviews than critic reviews. Therefore, in the post-launch period, we 

turn to user reviews to operationalize the quality of movies. Specifically, we use average user 

rating (i.e., word-of-mouth valence) from the previous week to operationalize the perceived 

quality of a movie in the current week; we use the standard deviation of ratings from the 

previous week to operationalize the perceived uncertainty (or disagreement among consumers) 

about the quality of a movie in the current week.  
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4.2.4. Hypotheses 

Summarizing the above theory, we propose the following hypotheses that relate the measurable 

variables of quality constructs with search volumes and revenues of movies. Hypotheses H1 

through H4 deal with the pre-launch and opening-week relationship of movie quality, search 

volume, and revenue. H5 through H8 hypothesize the post-launch relationships of weekly movie 

quality, weekly search volume, and weekly revenue. 

H1: The pre-launch search volume of a movie is positively associated with the average director 

rating from the past—i.e., the average user rating of the past movies with which the focal 

movie’s director was involved as a director, writer, or producer.  

H2: The pre-launch search volume of a new movie is positively associated with the standard 

deviation of director ratings from the past—i.e., the standard deviation of user ratings of the past 

movies with which the focal movie’s director was involved as a director, writer, or producer. 

H3: The conversion of pre-launch search volume into opening-week revenue of a movie is 

positively moderated by the perceived quality of the movie, namely the average director rating 

from the past and/or the average critic rating of the movie. 

H4: The conversion of pre-launch search volume into opening-week revenue of a movie is either 

negatively influenced or not influenced by the perceived quality uncertainty of the movie, namely 

the standard deviation of director ratings from the past and/or the standard deviation of critic 

rating of the movie. 

 

H5: After opening week, the weekly search volume of a movie is positively associated with the 

previous week’s average user rating of the movie. 

H6: After opening week, the weekly search volume of a movie is positively associated with the 

standard deviation of user ratings of the movie from the previous week. 

H7: After opening week, the conversion of weekly search volume into revenue of a movie is 

positively moderated by the previous week’s average user rating of the movie. 

H8: After opening week, the conversion of weekly search volume into weekly revenue of a movie 

is either negatively influenced or not influenced by the standard deviation of user ratings of the 

movie from the previous week. 
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4.3. The Data 

We construct a movie data set to test the hypotheses. Our data set consists of 174 movies, most 

of which were widely released in 2009 in the U.S. For each movie, we collect various movie 

characteristics, online search volume, revenue, marketing activities (advertising spending and 

number of screens), and online word-of-mouth (WOM) activities. Online search volume, revenue, 

marketing, and online WOM activities are collected weekly from 60 weeks before release to 10 

weeks after release. Table 4.1 summarizes our variables and their sources.  

Table 4.1: Variables and Data Sources 

Category Variable Source of Data 

Marketing activities 
Weekly advertising spending Nielsen 

Weekly number of screens  The numbers 

Outcome variables Weekly revenue The numbers 

Search activity Weekly search index of movie keywords Google 

Perception on movie 

quality in pre-launch 

period and opening 

week 

Average director rating from the past—i.e., average user rating of 

the past movies with which the focal movie’s director was involved 

as a director, writer, or producer  [range: 1 – 10] 

IMDb Standard deviation of director ratings from the past—i.e., standard 

deviation of user ratings of the past movies with which the director 

of the focal movie was involved as a director, writer, or producer 

[range: 1 – 10] 

Average critic rating [range: 1 – 100] 

Metacritic 

Standard deviation of critic ratings [range: 1 – 100] 

Perception of movie 

quality in post-

launch period 

Weekly average user rating [range: 1 – 10] IMDb, Yahoo 

Weekly standard deviation of user ratings [range: 1 – 10] IMDb, Yahoo 

Movie 

characteristics 
Genre, MPAA rating, Sequel, Holiday, Production budget IMDb, Wikipedia 

 

Let us explain key variables. For the director of each movie in our data set, we collect 

performance of past movies with which the director was involved as a director, writer, or 

producer since 1990 until one calendar year before the focal movie’ release. The total number of 
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such past movies is 2,559. Among them, we include only the movies whose U.S. gross revenues 

are reported to IMDb.com. This equals 1,344 movies.
8
 The average user rating of the 1,344 

movies is 6.74 (10-point scale). The average of the standard deviations of user ratings of the 

1,344 movies is 1.98. The average of total U.S. gross revenues by the directors since 1990 was 

$814 million. On average, each director was involved with 8.45 movies since 1990 as director, 

writer, or producer.  

The expert reviews are collected from Metacritic.com. Metacritic.com collects professional 

reviews from up to 40 leading U.S. film critics and scores them between 1 and 100 by analyzing 

the review texts. The average number of reviews per movie is 27.4. The mean score is 57.1 with 

the maximum of 92.7 and the minimum of 14.3. The average of the standard deviations of critic 

rating scores is 15.7. 

For the post-launch measure for quality and quality uncertainty of a movie, we collect user 

ratings from IMDb.com and the Yahoo Movies website. For each movie and week, we calculate 

the average rating and standard deviation of ratings. Therefore, in the post-launch period, a 

movie’s quality varies on a weekly basis. While IMDb.com uses a 10-point scale for user ratings, 

the Yahoo Movies website uses a 5-point scale. To merge the two sites’ information on the same 

scale, we multiply the user ratings from the Yahoo Movies website by two.  

 For marketing activities, we collect the weekly advertising spending and weekly number of 

screens of movies. The advertising data is provided by Nielsen and covers all major media 

                                                           
8
 The movies that were not reported to IMDb.com are small movies in terms of revenue. They appeal to a very small 

number of consumers who are particularly interested in the content of the movies. As such, excluding those movies 

from our analysis will not significantly affect the results.  



- 104 - 
 

outlets such as TV, radio, print, and Internet. The weekly number of screens is collected from 

The Numbers.com. Table 4.2 summarizes descriptive statistics of our focal variables. 

Table 4.2: Descriptive Statistics 

 Mean Median Std. Dev. Min Max 

No. of user reviews per movie  

(N=174, up to 10 week after release) 
4,835.9 2,203.5 8,272.2 113.0 71,764.0 

Average user rating  

(N=174, up to 10 week after release) 
7.0 7.1 1.2 3.8 9.5 

Standard deviation of user ratings  

(N = 174, up to 10 week after release) 
2.6 2.7 0.4 1.4 3.3 

      

No of critic reviews per movie  

(N = 172) 
27.8 29.5 7.8 1.0 39.0 

Average critic rating  

(N=172, 100 point scale) 
57.2 58.1 15.3 14.3 92.7 

Standard deviation of critic ratings 

(N=171, 100 point scale) 
15.7 15.6 3.2 5.0 23.1 

      

No. of past movies of the focal movie’s 

director (N=169) 
8.1 5.0 8.2 0.0 49.0 

Total U.S. gross box-office revenue of 

past movies of the focal movie’s  

director (N=169) 

   $774 M    $337 M     $1,052 M 
                             

$ 0    
   $6,518 M 

Average director rating from the past 

(N=161) 
6.7 6.8 0.6 4.8 8.7 

Standard deviation of director ratings 

from the past (N=161) 
2.0 2.0 0.2 1.5 3.4 

      

Advertising spending (N=174)    $20 M    $20 M    $12 M $6.5 K $51 M 

Production budget (N=156) $ 55 M $38 M $53 M $11 K $250 M 

 

Constructing Cross-Sectionally Comparable Search Volume. Google Trends provides weekly 

search indices of keyword queries entered into the Google search engine. Because the Google 

search index is normalized to conceal the actual search volume of the keyword, researchers 
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cannot compare the search volumes across different keywords if the raw search index is used. 

We avoid this problem with a method that transforms the raw search indices from Google into 

cross-sectionally comparable search volume measures. The detailed methodology of collecting 

weekly Google search indices of movie keywords and transforming them into cross-sectionally 

comparable measures can be found in chapter 5, the appendix to the dissertation. 

 

4.3.1. Correlation Analyses 

Partial correlation analyses on our data suggest that online search volume is less predictive 

for certain types of movies. We examine the partial correlation coefficients between opening-

week revenue, opening-week average user rating, average critic rating, and the cumulative online 

search volume up to one week before the opening (t = -1), after partialling out the effects of the 

opening-week screens and pre-launch advertising. The partial correlation analysis is conducted 

for three samples: the whole sample and two median-split subsamples by U.S. gross revenue. 

The results are in Table 4.3.  
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Table 4.3: Partial Correlation Analyses  

(a) The Total Sample (N = 160) 

Corr. Coef. (P-val) Avg. critic rating Avg. user rating at t = 0 Cumulative search at t = -1 

Avg. user rating at t = 0 .42 (.00) 
  

Cumulative search at t = -1 .06 (.43) .06 (.43) 
 

Opening revenue .19 (.02) .23 (.00) .68 (.00) 

 

(b) Median Split Subsample by U.S. Gross Revenue – Upper Half (N=80) 

Corr. Coef. (P-val) Avg. critic rating Avg. user rating at t = 0 Cumulative search at t = -1 

Avg. user rating at t = 0 .38 (.00) 
  

Cumulative search at t = -1 .00 (.97) -.02 (.83) 
 

Opening revenue .07 (.56) .05 (.67) .71 (.00) 

 

(c) Median Split Subsample by U.S. Gross Revenue – Lower Half (N=80) 

Corr. Coef. (P-val) Avg. critic rating Avg. user rating at t = 0 Cumulative search at t = -1 

Avg. user rating at t = 0 .29 (.00) 
  

Cumulative search at t = -1 .03 (.81) .07 (.54) 
 

Opening revenue -.00 (.99) .05 (.68) .25 (.03) 

 

First note that, across the three analyses, pre-launch search volume (i.e., cumulative search 

volume at t = -1) is much more highly correlated with opening-week revenue than average critic 

rating and average user rating are, implying that pre-launch online search volume can be a 

superior predictor for movie success to the rating variables.
9
 However, comparing the partial 

correlation analyses of the two median-split subsamples reveals a stark difference: the partial 

correlation between pre-launch search volume and opening-week revenue is much stronger in the 

upper-half subsample than in the lower-half subsample. This shows a snippet that the predictive 

                                                           
9
 Also note that the partial correlation coefficients between opening-week revenue and average rating (both user 

ratings and critic ratings) become statistically insignificant in the two subsamples, whereas the partial correlation 

coefficient between the pre-launch search volume and opening-week revenue remains significant. 
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performance of online search volume can be better for successful movies than for less successful 

movies.  

 

4.4. The Models 

To test our hypotheses, we develop a system of dynamic simultaneous equations that closely 

follows the work of Elberse and Eliashberg (2003). We use a multiplicative formulation and 

distinguish between a movie’s opening week and its run in subsequent weeks. In the model, 

index j represents movie j and index t represents week t. The release week is denoted by t = 0; k 

weeks before release is denoted by t = -k; and k weeks after release is denoted by t = k. 

 

4.4.1. The Opening-Week Model 

In the opening-week model, we construct a system of four equations: one equation with pre-

launch search volume (the cumulative search volume at t = -1) as the dependent variable (the 

“search” equation), one with opening-week revenue as the dependent variable (the “revenue” 

equation), one with opening-week screen as the dependent variable (the “screen” equation), and 

one with average critic rating as the dependent variable (the “average critic rating” equation).  

Search Equation. The model specification for pre-launch search volume is given by (4-1). 

 (4-1)                      

0 31 2

5 CSearch,j j04

α αα α

j,-1 j,-1 j j

α D εα

CSearch,j

CSearch =e CAd Avg_DirectorRating Sd_DirectorRating

×X e e .
 

CSearchj,-1 is the cumulative search volume of movie j at one week before its release (t = -1), 

CAdj,-1 is the cumulative advertising of movie j at one week before its release. 
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Avg_DirectorRatingj is the average director rating from the past, and Sd_DirectorRatingj is the 

standard deviation of director ratings from the past. Avg_DirectorRatingj and Sd_DirectorRatingj 

operationalize consumers’ pre-launch perception on movie j’s quality and quality uncertainty, 

respectively. The parameter α2 tests H1 and the parameters α3 tests H2. XCsearch,j is the vector of 

numerical movie characteristics. DCSearch,j is the vector of categorical movie characteristics such 

as genre, MPAA rating, and seasonality dummy variables.  

Revenue Equation. Equation (4-2) specifies opening-week revenue.  

 (4-2)                      3j 5 Revenue,j j00 1 2 4
β β D uβ β β β

j0 j0 j0 j,-1 Revenue,jRevenue =e Ad Scrns CSearch X e e ,  

                                where 

                                
3j 30 31 j 32 j

33 j 34 j

  Avg_DirectorRating   Avg _ CriticRating

Sd_DirectorRating   Sd _ CriticRating .

        

    
 

 

Revenuej0 is the opening-week revenue of movie j, Adj0 and Scrnsj0 are the advertising and the 

number of screens of movie j in the opening week. The parameter β3j measures the conversion 

elasticity from pre-launch search into opening-week revenue. To test H3 and H4, we model β3j as 

a function of quality and quality uncertainty variables that are available to consumers in the 

launch week, namely average director rating from the past (Avg_DirectorRatingj), average critic 

rating (Avg_CriticRatingj), standard deviation of director ratings from the past 

(Sd_DirectorRatingj), and standard deviation of critic ratings (Sd_CriticRatingj). 

Avg_DirectorRatingj and Avg_CriticRatingj operationalize the quality of movie j, and 

Sd_DirectorRatingj and Sd_CriticRatingj operationalize the uncertainty about quality of movie j. 

H3 is tested by parameters β31, and β32; H4 is tested by parameters β33, and β34. DRevenue,j and 

DRevenue,j are the set of numerical and categorical characteristics of movie j.  
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Screen Equation. The model for the number of screens in the opening week of movie j is 

specified by (4-3). 

 (4-3)                        
4 Scrns,j j00 31 2
D v

j0 j, 1 Scrns, jScrns e CAd Avg _ CriticRating X e e
  

 . 

XScrns,j is the vector of numerical movie characteristics of movie j, and DScrns,j is the vector of 

categorical movie characteristics. We do not include the expected revenue as a covariate as 

Elberse and Eliashberg (2003) do for two reasons. First, the objective of this study is not to 

examine the role of expected revenue in determining the number of screens. Second, because 

calculating the expected revenue requires double exponential smoothing, the revenues of the first 

two weeks (the opening week and one week after the opening week) cannot be calculated. Using 

the actual revenues for the first two weeks can cause identification problems—especially for the 

opening-week model.
10

  

Average Critic Rating Equation. Equation (4-4) specifies the model for the average critic rating 

of movie j. 

 (4-4)           
4 Quality,j j00 31 2
D

j j, 1 j Quality, jAvg _ CriticRating e CAd Avg _ DirectorRating X e e
   

 . 

XQuality,j is the vector of numerical movie characteristic, and DQuality,j is the vector of categorical 

movie characteristics. To examine the effect of commercial communication on professional 

reviews, we include the cumulative advertising at one week before release. Also, we include the 

average director rating from the past (Avg_DirectorRatingj) to examine the predictive ability of 

the focal director’s past performance in predicting professional opinions on his/her current movie. 

                                                           
10

 Elberse and Eliashberg (2003) avoid this problem by using the movie stock price at the Hollywood Stock 

Exchange for the opening week’s expected revenue. 
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4.4.2. The Post-Launch Period Model 

The post-launch period model is similarly constructed by replacing the variables in the opening-

week model by their corresponding counterparts available in the post-launch periods. 

Specifically, we use the average user rating and standard deviation of user ratings from the 

previous week to operationalize the weekly varying perception on quality and quality uncertainty 

of a movie. Using the weekly changing variables for the quality constructs enables us to test 

whether our theory holds even within the same movie as the quality-related information changes 

over time. The post-launch period model consists of five equations: search equation, revenue 

equation, screens equations, equation of weekly average user rating, and equation of weekly 

standard deviation of user ratings. In each equation, we include week dummy variables to control 

for the unobserved time effect.  

Search Equation. The weekly search volume in the post-launch period is modeled in (4-5). 

 (4-5)           
jt0 31 2 4Weeklydummy

jt jt j,t 1 j,t 1Search e Ad Avg _ UserRating Sd _ UserRating e e
   

  ,  

                    for t ≥1. 

Searchjt and Adjt are the search volume and advertising of movie j in week t. Avg_UserRatingj,t-1 

and Sd_UserRatingj,t-1 are the average user rating and the standard deviation of user ratings from 

the previous week. AvgUserRatingj,t-1 and SdUserRatingj,t-1 operationalize the perceived quality 

and quality uncertainty about movie j in week t. They test H5 and H6, respectively. 
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Revenue equation. Equation (4-6) models the weekly revenue of movie j in post-launch week t. 

 (4-6)            3 jt jt0 51 2 4
uWeeklydummy

jt jt jt jtRevenue e Ad Scrn Search Holiday e e ,
   

  for t ≥1,  

                      where 
3j 30 31 j,t 1 32 j,t 1  Avg_UserRating   Sd_UserRating .           

Revenuejt, Adjt, Scrnjt, and Searchjt are the revenue, advertising spending, number of screens, and 

search volume of movie j in post-launch week t. To test H7 and H8, the conversion of search 

volume into revenue (β3jt) is modeled as a function of the average user rating and standard 

deviation of user ratings from the previous week. The variable Holiday is holiday dummy 

variable.  

Screen Equation. The model for the number of screens of movie j in week t is specified by (4-7). 

 (4-7)           

0 3 51 2 4

jt6 7

jt j,t 1 j,t 1 j,t 1 j,t 1 j,t 1

vWeeklydummy

Scrn e Scrn Ad Search Avg_UserRating Sd_UserRating

Holiday e e

    

    

 




, 

                      for t ≥1.  

The previous week’s number of screens (Scrnj,t-1) is included to incorporate the decision inertia 

in movie theaters’ screen allocation decision. The previous week’s search volume (Searchj,t-1) is 

included because movie theaters may consider the previous week’s popularity of the movie to 

allocate their screens. The coefficient of Searchj,t-1 will partially incorporate the advertising effect 

and revenue effect from the previous week. The variables, Avg_UserRatingj,t-1 and 

Sd_UserRatingj,t-1, are included to examine whether the quality and quality uncertainty of a 

movie influence the screen decision for that movie.  
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Equations for Weekly User Rating. The weekly average user rating and the weekly standard 

deviation of user ratings are specified by equations (4-8) and (4-9).  

 (4-8)       
jt0 31 2 4Weeklydummy

jt jt j,t 1 jtAvg_UserRating e Ad Avg_UserRating Revenue e e
   

 , for t≥1. 

(4-9)        
jt0 31 2 4Weeklydummy

jt jt j,t 1 jtSd_UserRating e Ad Sd_UserRating Revenue e e
  


κ

, for t≥1. 

We include advertising of movie j to control for the effect of advertising on the average user 

opinion and the disagreement in user opinions about the movie. The previous week’s dependent 

variable is included to account for the high inertia of consumer opinions about movies over their 

life cycle. The potential association between the current week’s revenue and the two dependent 

variables are controlled for by including Revenuejt in the equations.   

 

4.5. Empirical Analyses 

We use a three-stage least-squares (3SLS) method to estimate the system of equations (4-1) 

through (4-9). A ordinary least squares (OLS) method is inconsistent because some covariates 

are endogenous. Also, a two-stage least-squares (2SLS) method is less efficient than a 3SLS 

method as the errors across equations may be correlated (Zeller and Theil 1962). For the 

opening-week model, equations (4-1) through (4-4) are estimated as a system and the variables 

CSearchj,-1, Revenuej,0, Scrnsj,0, and Avg_CriticRatingj are treated as endogenous variables. For 

the post-launch period model, equations (4-5) through (4-9) are estimated as a system where the 

variables Searchjt, Revenuejt, Scrnsjt, Avg_UserRatingjt, and Sd_UserRatingjt are treated as 

endogenous variables. When estimating the post-launch period model, we exclude the first-lag 

endogenous variables from the set of instrumental variables to reduce potential estimation 
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problems related to serial correlation (Elberse and Eliashberg 2003). Instead, as in Elberse and 

Eliashberg (2003), we employ the set of time-invariant exogenous variables that are used to 

estimate the opening-week model. We also use the second-lag endogenous variables of the 

weekly average rating and the standard deviation of weekly average ratings, as they cause less 

serious problems for identification. The time-specific fixed effects are accounted for by week 

dummy variables in the post-launch period model.  

 

4.5.1. Estimation of the Opening-Week Model 

Table 4.4 shows the estimation results for the opening-week model.  
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Table 4.4: Estimation Results of the Opening-Week Model 

(a) Search Equation (DV: pre-launch search volume) 

 OLS  2SLS  3SLS 

Variable Coef SE P-val  Coef SE P-val  Coef SE P-val 

Constant -4.19 4.23 0.32 
 

-3.26 4.24 0.44 
 

-3.34 4.01 0.40 

Pre-launch 

advertising 
0.44 0.07 0.00 

 
0.35 0.08 0.00 

 
0.35 0.07 0.00 

Average director 

rating from the past 
4.87 1.74 0.01 

 
5.10 1.76 0.00 

 
5.13 1.66 0.00 

SD of director ratings 

from the past  
4.75 1.35 0.00 

 
5.06 1.36 0.00 

 
5.08 1.29 0.00 

Genre: Action 0.92 0.34 0.01 
 

0.68 0.34 0.05 
 

0.69 0.32 0.03 

Genre: Comedy -0.33 0.32 0.30 
 

-0.57 0.32 0.08 
 

-0.57 0.31 0.06 

Genre: Drama 0.28 0.38 0.46 
 

0.22 0.40 0.58 
 

0.23 0.38 0.54 

MPAA: R -0.23 0.76 0.76 
 

-0.98 0.84 0.24 
 

-1.00 0.79 0.21 

MPAA: PG -0.36 0.76 0.63 
 

-1.18 0.84 0.16 
 

-1.20 0.79 0.13 

MPAA: PG13 -0.60 0.75 0.43 
 

-1.12 0.83 0.18 
 

-1.14 0.79 0.15 

January-April -0.34 0.35 0.33 
 

-0.17 0.36 0.63 
 

-0.16 0.34 0.63 

May-August -0.32 0.34 0.35 
 

-0.10 0.34 0.77 
 

-0.09 0.32 0.79 

September-October -1.00 0.39 0.01 
 

-0.96 0.38 0.01 
 

-0.95 0.36 0.01 

Holiday -0.06 0.33 0.85 
 

-0.04 0.32 0.89 
 

-0.05 0.30 0.87 

Sequel 2.18 0.41 0.00 
 

2.14 0.40 0.00 
 

2.14 0.38 0.00 

R
2
 

  
0.49 

   
N.A. 

   
N.A. 

Adj. R
2
 

  
0.43 

   
N.A. 

   
N.A. 

SSR 
  

1.40 
   

1.35 
   

1.35 
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(b) Revenue Equation (DV: opening-week revenue) 

 OLS  2SLS  3SLS 

Variable Coef SE P-val  Coef SE P-val  Coef SE P-val 

Constant 7.96 0.51 0.00 
 

7.67 0.65 0.00 
 

7.66 0.60 0.00 

Advertising in the 

opening week 
0.12 0.04 0.00 

 
0.09 0.05 0.09 

 
0.08 0.05 0.07 

Opening screens 0.69 0.03 0.00 
 

0.78 0.04 0.00 
 

0.78 0.04 0.00 

Pre-launch search 

volume 
-0.02 0.11 0.87 

 
-0.03 0.12 0.82 

 
-0.02 0.11 0.84 

Pre-launch search 

volume ×  

Avg. critic rating 

1e-3 0.00 0.00 
 

1e-3 0.00 0.00 
 

1e-3 0.00 0.00 

Pre-launch search 

volume ×  

Avg. director rating 

from the past 

0.01 0.01 0.58 
 

0.01 0.01 0.44 
 

0.01 0.01 0.43 

Pre-launch search 

volume ×  

SD of critic ratings 

0.00 0.00 0.47 
 

0.00 0.00 0.99 
 

0.00 0.00 0.97 

Pre-launch search 

volume ×  

SD of director ratings 

from the past 

0.03 0.02 0.11 
 

0.03 0.02 0.14 
 

0.03 0.02 0.11 

Genre: Action 0.07 0.15 0.64 
 

0.15 0.15 0.35 
 

0.14 0.14 0.31 

Genre: Comedy 0.01 0.13 0.92 
 

0.07 0.15 0.65 
 

0.07 0.14 0.63 

Genre: Drama 0.07 0.16 0.67 
 

0.27 0.18 0.14 
 

0.26 0.16 0.11 

MPAA: R -0.57 0.31 0.07 
 

-0.49 0.37 0.18 
 

-0.48 0.34 0.15 

MPAA: PG -0.43 0.31 0.17 
 

-0.52 0.38 0.17 
 

-0.52 0.35 0.14 

MPAA: PG13 -0.47 0.31 0.13 
 

-0.52 0.37 0.16 
 

-0.52 0.34 0.13 

January-April -0.20 0.15 0.18 
 

-0.19 0.16 0.24 
 

-0.20 0.15 0.19 

May-August -0.10 0.14 0.48 
 

-0.19 0.15 0.20 
 

-0.20 0.14 0.16 

September-October -0.31 0.17 0.07 
 

-0.37 0.18 0.04 
 

-0.37 0.17 0.03 

Holiday 0.21 0.14 0.15 
 

0.21 0.15 0.17 
 

0.21 0.14 0.14 

Sequel 0.46 0.19 0.02 
 

0.40 0.21 0.05 
 

0.40 0.19 0.04 

R
2
 

  
0.93 

   
N.A. 

   
N.A. 

Adj. R
2
 

  
0.93 

   
N.A. 

   
N.A. 

SSR 
  

0.57 
   

0.58 
   

0.58 
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(c) Screen Equation (DV: no. of opening-week screens) 

 OLS  2SLS  3SLS 

Variable Coef SE P-val  Coef SE P-val  Coef SE P-val 

Constant 2.88 1.99 0.15 
 

2.58 2.22 0.25 
 

2.99 2.11 0.16 

Pre-launch 

Advertising 
0.94 0.06 0.00 

 
0.94 0.07 0.00 

 
0.94 0.07 0.00 

Average Critic 

Rating 
-0.97 0.41 0.02 

 
-0.96 0.45 0.03 

 
-1.05 0.43 0.01 

Major Distributor 0.31 0.38 0.42 
 

0.29 0.39 0.45 
 

0.07 0.36 0.85 

Genre: Action 0.15 0.31 0.62 
 

0.16 0.33 0.63 
 

0.17 0.31 0.58 

Genre: Comedy 0.34 0.29 0.24 
 

0.50 0.31 0.11 
 

0.51 0.30 0.09 

Genre: Drama -0.68 0.34 0.04 
 

-0.70 0.37 0.05 
 

-0.71 0.35 0.04 

MPAA: R -0.18 0.65 0.78 
 

0.02 0.72 0.98 
 

0.01 0.69 0.98 

MPAA: PG 0.74 0.65 0.26 
 

0.95 0.73 0.20 
 

0.98 0.70 0.16 

MPAA: PG13 0.22 0.65 0.73 
 

0.55 0.73 0.45 
 

0.56 0.70 0.43 

January-April 0.73 0.29 0.01 
 

0.67 0.32 0.03 
 

0.67 0.30 0.03 

May-August 0.41 0.28 0.14 
 

0.41 0.29 0.17 
 

0.40 0.28 0.15 

September-October 0.72 0.33 0.03 
 

0.66 0.34 0.05 
 

0.65 0.33 0.05 

Sequel 0.32 0.40 0.42 
 

0.34 0.41 0.40 
 

0.37 0.39 0.34 

R
2
 

  
0.73 

   
N.A. 

   
N.A. 

Adj. R
2
 

  
0.71 

   
N.A. 

   
N.A. 

SSR 
  

1.34 
   

1.35 
   

1.35 
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(d) Quality Equation (DV: average critic rating) 

 OLS  2SLS  3SLS 

Variable Coef SE P-val  Coef SE P-val  Coef SE P-val 

Constant 2.12 0.55 0.00 
 

2.39 0.59 0.00 
 

2.39 0.57 0.00 

Pre-launch 

Advertising 
-0.02 0.01 0.04 

 
-0.02 0.01 0.11 

 
-0.02 0.01 0.09 

Average director 

rating from the past 
1.05 0.24 0.00 

 
0.94 0.26 0.00 

 
0.94 0.25 0.00 

Genre: Action -0.04 0.06 0.51 
 

-0.03 0.06 0.58 
 

-0.03 0.06 0.57 

Genre: Comedy -0.11 0.05 0.04 
 

-0.10 0.06 0.07 
 

-0.10 0.05 0.06 

Genre: Drama 0.01 0.06 0.92 
 

0.03 0.06 0.64 
 

0.03 0.06 0.63 

MPAA: R 0.04 0.13 0.78 
 

-0.01 0.15 0.96 
 

-0.01 0.14 0.96 

MPAA: PG 0.09 0.13 0.51 
 

0.04 0.15 0.79 
 

0.04 0.14 0.78 

MPAA: PG13 -0.05 0.13 0.71 
 

-0.11 0.15 0.47 
 

-0.11 0.14 0.45 

Major Distributor -0.24 0.07 0.00 
 

-0.18 0.07 0.01 
 

-0.19 0.07 0.00 

Sequel -0.12 0.07 0.10 
 

-0.14 0.07 0.05 
 

-0.14 0.07 0.04 

R
2
 

  
0.34 

   
N.A. 

   
N.A. 

Adj. R
2
 

  
0.29 

   
N.A. 

   
N.A. 

SSR 
  

0.25 
   

0.24 
   

0.24 

 

Let us discuss the effect of our focal variables in the 3SLS results. First, not only the average 

director rating from the past (our operationalization of perceived movie quality in the pre-launch 

period) but also the standard deviation of director ratings from the past (our operationalization of 

perceived quality uncertainty of movies in the pre-launch period) are positively associated with 

the pre-launch search volumes of movies. Therefore, H1 and H2 are supported. Second, the 

conversion from search into demand of a movie is positively moderated only by the average 

critic rating of the movie. This positive interaction effect of search volume and average critic 

rating on opening-week revenue indicates that the information-seeking behavior of consumers, 

i.e., online search, is better translated into demand when consumers are ensured about the quality 
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of the movie through professional reviews. Note that the variables related to quality uncertainty 

do not moderate the conversion from search into demand. These findings support H3 and H4.  

Our study finds the determinants of the average critic rating of movies (Table 4.4(d)). The 

average critic rating of a movie is positively associated with the average user rating of the past 

movies with which the focal movie’s director was involved. On the other hand, the average critic 

rating of a movie is negatively associated with the pre-launch advertising amount, whether the 

movie was distributed by a major distributor, and whether the movie is a sequel. As the 

determinants of critic ratings are observable long before a movie’s release time, this finding 

provides managers a tool for early prediction of a movie’s average critic rating. More 

importantly, as average critic rating moderate the conversation rate from pre-launch search to 

opening-week revenue, this finding implies that the conversation rate from pre-launch search 

volume to opening-week revenue of a movie can be predicted in its early pre-launch period. 

Other noteworthy findings are as follows. Pre-launch advertising increases pre-launch 

consumer search activity, and sequel movies tend to receive more attentions (i.e., searches) from 

consumers than original movies. A studio’s decision to make a sequel movie signals that the 

sequel movie is of high quality in the eye of ordinary consumers (Basuroy, Desai, and Talukdar 

2006), making more consumers interested in the sequel movie. The number of screens, pre-

launch interests (as measured by pre-launch search volume), and opening-week advertising are 

pivotal determinants of opening-week revenue.  
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4.5.2. Estimation of the Post-Launch Period Model 

Focusing on the 3SLS results, we discuss our findings. Table 4.5 shows that the similar findings 

are maintained in the post-launch period: 1) both the perceived quality (i.e., the previous week’s 

average user rating) and the perceived uncertainty about quality (i.e., the standard deviation of 

user ratings from the previous week) increase the current week’s search volume; 2) online search 

activity is more effectively converted to actual consumption if the previous week’s average user 

rating is higher. These findings provide empirical evidences for our hypotheses H5 through H8.  

Table 4.5: Estimation Results of the Post-launch Period Model 

(a) Search Equation (DV: weekly search volume) 

 OLS  2SLS  3SLS 

Variable Coef SE P-val  Coef SE P-val  Coef SE P-val 

Constant 6.75 0.47 0.00 
 

0.13 1.18 0.91 
 

0.38 1.17 0.75 

Advertising 0.22 0.01 0.00 
 

0.20 0.02 0.00 
 

0.20 0.02 0.00 

Avg. user rating from 

the previous week 
0.57 0.19 0.00 

 
2.27 0.38 0.00 

 
2.19 0.37 0.00 

SD of user ratings 

from the previous 

week 

1.00 0.13 0.00 
 

3.71 0.46 0.00 
 

3.64 0.46 0.00 

Holiday 0.20 0.08 0.02 
 

0.16 0.10 0.09 
 

0.17 0.09 0.07 

R
2
 

  
0.30 

   
N.A. 

   
N.A. 

Adj. R
2
 

  
0.30 

   
N.A. 

   
N.A. 

SSR 
  

1.15 
   

1.28 
   

1.27 

 

  



- 120 - 
 

(b) Revenue Equation (DV: weekly revenue) 

 OLS  2SLS  3SLS 

Variable Coef SE P-val  Coef SE P-val  Coef SE P-val 

Constant 5.66 0.14 0.00 
 

6.00 0.26 0.00 
 

5.67 0.26 0.00 

Advertising 0.19 0.01 0.00 
 

0.17 0.01 0.00 
 

0.16 0.01 0.00 

Screen 0.74 0.01 0.00 
 

0.62 0.03 0.00 
 

0.62 0.02 0.00 

Search volume 0.13 0.02 0.00 
 

0.17 0.05 0.00 
 

0.23 0.05 0.00 

Search volume ×  

Avg. user rating from 

the previous week 

0.01 0.00 0.00 
 

0.02 0.00 0.00 
 

0.02 0.00 0.00 

Search volume ×  

SD of user rating 

from the previous 

week 

0.00 0.00 0.90 
 

0.00 0.01 0.98 
 

-0.01 0.01 0.49 

Holiday 0.10 0.04 0.01 
 

0.07 0.04 0.10 
 

0.06 0.04 0.14 

R
2
 

  
0.91 

   
N.A. 

   
N.A. 

Adj. R
2
 

  
0.91 

   
N.A. 

   
N.A. 

SSR 
  

0.54 
   

0.56 
   

0.57 

 

(c) Screen Equation (DV: weekly no. of screens) 

 OLS  2SLS  3SLS 

Variable Coef SE P-val  Coef SE P-val  Coef SE P-val 

Constant 1.20 0.16 0.00 
 

0.83 0.35 0.02 
 

0.93 0.35 0.01 

Previous week’s 

screens 
0.76 0.01 0.00 

 
0.78 0.02 0.00 

 
0.79 0.02 0.00 

Previous week’s 

advertising 
0.10 0.01 0.00 

 
0.10 0.01 0.00 

 
0.11 0.01 0.00 

Previous week’s 

search volume 
0.06 0.01 0.00 

 
0.03 0.02 0.19 

 
0.00 0.02 0.98 

Avg. user rating from 

the previous week 
0.17 0.06 0.00 

 
0.32 0.11 0.00 

 
0.35 0.11 0.00 

SD of user ratings of 

the previous week 
-0.04 0.05 0.48 

 
0.07 0.19 0.72 

 
0.13 0.19 0.49 

Holiday -0.04 0.03 0.21 
 

-0.03 0.03 0.34 
 

-0.03 0.03 0.36 

R
2
 

  
0.92 

   
N.A. 

   
N.A. 

Adj. R
2
 

  
0.92 

   
N.A. 

   
N.A. 

SSR 
  

0.42 
   

0.43 
   

0.43 
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(d) Quality Equation (DV: average of weekly user ratings) 

 OLS  2SLS  3SLS 

Variable Coef SE P-val  Coef SE P-val  Coef SE P-val 

Constant 0.61 0.08 0.00 
 

0.18 0.13 0.16 
 

0.23 0.13 0.08 

Advertising 0.01 0.00 0.00 
 

0.01 0.00 0.15 
 

0.01 0.00 0.07 

Avg. user rating from 

the previous week 
0.51 0.03 0.00 

 
0.88 0.05 0.00 

 
0.89 0.05 0.00 

Revenue of this week 0.02 0.00 0.00 
 

0.00 0.01 0.85 
 

-0.01 0.01 0.50 

R
2
 

  
0.30 

   
N.A. 

   
N.A. 

Adj. R
2
 

  
0.30 

   
N.A. 

   
N.A. 

SSR 
  

0.23 
   

0.23 
   

0.23 

 

(e) Quality Uncertainty Equation (DV: SD of weekly user ratings) 

 OLS  2SLS  3SLS 

Variable Coef SE P-val  Coef SE P-val  Coef SE P-val 

Constant 0.65 0.09 0.00 
 

0.21 0.15 0.16 
 

0.39 0.15 0.01 

Advertising -0.01 0.00 0.08 
 

0.00 0.01 0.60 
 

0.00 0.01 0.49 

SD of user ratings 

from the previous 

week 

0.31 0.03 0.00 
 

0.70 0.08 0.00 
 

0.74 0.08 0.00 

Revenue of this week 0.02 0.01 0.00 
 

0.01 0.01 0.26 
 

0.00 0.01 0.74 

R
2
 

  
0.11 

   
N.A. 

   
N.A. 

Adj. R
2
 

  
0.10 

   
N.A. 

   
N.A. 

SSR 
  

0.25 
   

0.25 
   

0.25 

 

Other important findings are as follows. Not only is the current week’s distribution highly 

dependent on the previous level of distribution, but it also is influenced by the previous week’s 

advertising level and the previous week’s average user rating. Average user rating in a week is 

influenced by that week’s advertising, but standard deviation of user ratings is not influenced by 

the week’s advertising spending.  
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4.5.3. Robustness Verification 

Some may argue that the findings may vary according to the keywords that are chosen to collect 

the Google search index. To test whether the substantive findings change according to keyword 

selection rules, we collected the second set of search indices with a new keyword rule. The new 

rule is stricter than the original rule described in the appendix, chapter 5. Namely, the new 

keywords include the word “movie” in the search query. For example, the search index of the 

movie 12 Rounds is gathered using the keyword “12 Rounds Movie”
 
. The new keyword rule is 

supposed to count only a subset of the search queries that are counted by the original rule, due to 

Google’s search index calculation mechanism. Descriptive statistics and correlation analyses are 

presented in Table 4.6. 

Table 4.6: Comparison of Search Volumes by the Two Rules 

(a) Descriptive Statistics 

 Mean Median Std. Dev. Min Max 

Search volume  

by the original keyword rule 
533,680 120,479 1,618,584 580 16,236,978 

Search volume  

by the new keyword rule 
2,832 796 7,912 0 87,564 

 

(b) Partial Correlation Controlling For Pre-launch Advertising and Opening Screens 

Corr. Coef. (p-val.) Critic rating User rating at the 

opening week 

Pre-launch search 

volume by the 

original rule 

Pre-launch search 

volume by the new 

rule 

User rating  

at the opening week 
.42 (.00) 

  
 

Pre-launch search 

volume by the 

original rule 

.06 (.50) .06 (.44) 
 

 

Pre-launch search 

volume by the new 

rule 

.10 (.21) .01 (.87) .55 (.00)  

Opening revenue .19 (.03) .21 (.01) .68 (.00) .37 (.00) 
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The average search volume by the original rule is about 188 times greater than that by the 

new rule. This implies that consumers do not include the term “movie” when they search for 

movies. The partial correlation analyses show that the search volume by the original rule is much 

more highly correlated with other metrics than the search volume by the new rule. Especially, the 

correlation coefficients between opening-week revenue and pre-launch search volume indicate 

that the search index collected by the original rule reflects the aggregate purchase intent of 

consumers substantially better than the one collected by the new rule. This finding again 

supports the implication that most consumers generally do not include the term “movie” when 

they search information for a movie. 

Table 4.7 shows the estimation results of our key equations by the 3SLS procedure. Note that 

the same substantive findings hold for both the search and revenue equations. Therefore, our 

findings are consistent with the two keyword selection rules.  

Table 4.7: Estimation Results Using the New Search Volume: 3SLS Results 

(a) Search Equation 

 Opening-Week Model  Post-Launch Period Model 

Variable Coef. SE P val  Coef. SE P val 

Constant -10.76 4.03 0.01 
 

1.05 0.93 0.26 

Pre-launch Advertising 0.32 0.08 0.00 
    

Average director rating from the past 6.39 1.66 0.00 
    

SD of director ratings from the past 5.57 1.32 0.00 
    

Advertising 
    

0.15 0.01 0.00 

Average user rating from the previous week 
    

1.48 0.29 0.00 

SD of user ratings from the previous week 
    

0.78 0.36 0.03 

R
2
 

  
N.A. 

   
N.A. 

Adj. R
2
 

  
N.A. 

   
N.A. 

SSR 
  

1.34 
   

0.98 
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 (b) Revenue Equation 

 Opening-Week Model  Post-Launch Period Model 

Variable Coef. SE P val  Coef. SE P val 

Constant 8.92 0.55 0.00 
 

5.71 0.31 0.00 

Advertising in the opening week 0.09 0.05 0.06 
    

Opening screens 0.75 0.04 0.00 
    

Pre-launch search volume -0.13 0.19 0.48 
    

Pre-launch search volume ×  

Avg. critic rating 
0.00 0.00 0.00 

    

Pre-launch search volume ×  

Average director rating from the past 
-0.01 0.02 0.58 

    

Pre-launch search volume ×  

SD of critic ratings 
0.00 0.00 0.33 

    

Pre-launch search volume ×  

SD of director ratings from the past 
0.06 0.04 0.14 

    

Advertising 
    

0.16 0.01 0.00 

Screen 
    

0.79 0.02 0.00 

Search volume 
    

0.19 0.09 0.04 

Search volume ×  

Avg. user rating from the previous week     
0.03 0.01 0.00 

Search volume ×  

SD of user rating from the previous week     
-0.02 0.02 0.32 

R
2
 

  
N.A. 

   
N.A. 

Adj. R
2
 

  
N.A. 

   
N.A. 

SSR 
  

0.60 
   

0.55 

 

 

4.6. Managerial Implications 

The findings provide important implications for managers. First, systematic over-/under-

prediction of box-office revenue is likely if we rely on online search volume without accounting 

for the quality uncertainty. Over-prediction is likely if a focal movie’s director has experienced 

high standard deviation of user ratings for his or her past movies, and the focal movie’s average 

critic rating is low. As an early sign for the professional reviews a new movie will receive, 
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managers can use the determinants of critic ratings that are found in this study—namely, the past 

performance of the focal director, major distributor dummy, and whether the new movie is a 

sequel. On the other hand, systematic under-prediction of box-office revenue can occur for 

movies with the opposite characteristic—i.e., the directors of the new movies have shown stable 

performance in terms of the standard deviation of user ratings, and at the same time, the movies’ 

average critic ratings are high.  

Second, the same level of advertising leads to more revenue for movies with a higher level of 

user disagreement about quality, all else being equal. This is because, for movies of higher 

quality uncertainty, the same level of advertising creates more search activities (equations (4-1) 

and (4-2)), which is, in turn, associated with more revenue (equations (4-3) and (4-4)). In light of 

consumer behavior theory, this is related to the notion of awareness effect and mere exposure 

effect that are created by consumers’ search activities (Duan, Gu, and Whinston 2008; 

Janiszewski 1993; Liu 2006; Zajonc 1968).  

Third, the conversion rate from pre-launch search volume into opening-week revenue can be 

predicted in the early pre-launch period as the determinants of conversion are observable long 

before a new movie’s release. 

Fourth, as a practical way of measuring quality uncertainty, we propose to use the standard 

deviation of user ratings of past movies of the focal director and the standard deviation of user 

ratings of the previous week for the opening week and the subsequent weeks, respectively. 

Lastly, keyword selection is crucial to accurately measuring consumers’ online search 

activities. Too strict a rule for keyword selection can underestimate actual consumer interest 

while too loose a rule can overestimate marketing effects. Indeed, finding appropriate keywords 
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is a realm of art and it may need industry experts who are knowledgeable about actual keyword 

selection by consumers. For this reason, if the objective of the study is to read market trends, it is 

recommended to collect multiple time-series and extract underlying latent factors that co-move 

the multiple time-series (Du and Kamakura 2012). 

 

4.7. Conclusions 

While collective consumer activities on the Internet have been considered a good predictor of 

demand, it is also reported to have limited predictive ability for certain products. This study 

shows that such limited predictive performance also happens with the Google search index and 

provides an explanation on why aggregate online search volume is not a good predictor for 

certain products. At the core of our theory lies quality-related constructs such as perceived 

quality and quality uncertainty. Specifically, we hypothesize that both perceived quality and 

quality uncertainty of a movie increase consumers’ search activity for the movie, while only 

perceived quality positively influences the conversion from search activity to actual demand. We 

find empirical support for our theory in the U.S. movie industry.  

We also make methodological contributions. We propose a practical way of measuring 

quality-related constructs in the movie industry, especially in the early pre-launch period where 

no reviews are available. Also, we devise a novel method of constructing cross-sectionally 

comparable search volume measures from readily available Google search indices.  

Our study provides valuable managerial implications. First, it diagnoses which movies are 

more prone to over-/under-prediction when managers use online search volume for prediction 

purposes. Second, our study suggests that movie studios take a look at the quality and quality 
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uncertainty variables to allocate their advertising budget across different movies. Third, the 

conversion rate from search into sales can be predicted early by use of available public 

information. Lastly, the study suggests that finding appropriate construction rules for keywords 

is critical.  

This study also has limitations. First of all, our findings are specific to the movie industry. 

Extending to other industries will be necessary to generalize our theory. Second, as with any 

study using online data is, our study is subject to measurement error, especially the online search 

volume measure. While we show that our search volume measure is reasonable by showing its 

superior correlation with revenue, the search volume is subject to the keywords that we choose. 

In fact, any study that uses search volume—whether the data is at the aggregate level or the 

individual consumer level—has this measurement problem. In this sense, finding an appropriate 

rule of keyword selection can be an intriguing research topic.  

There are many interesting future research topics that use readily available search volume 

data. First, we can consider combining online search volume with other data sources to better 

measure consumers’ purchase intent. For example, to better forecast the demand of a new 

product, we can combine search volume with primary data sources that directly measure 

purchase intention, consumption interest, and WOM valence. Second, online search volume can 

be used to measure the effectiveness of marketing activities that have been impossible to 

measure in the past due to a lack of the appropriate response variables. For example, weekly 

search volume in the pre-launch period of new products can be used to measure the effectiveness 

of pre-launch advertising. Another example is to estimate latent demands of certain products 

across different geographic regions (e.g., DMAs) if the online search volume can be measured at 

the geographic market level. Third, studying the joint effect of online search and online opinion 
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posting can be an appealing topic. Online search is related to reading information while online 

opinion posting is related to writing information. While there is ample research on the effect of 

online reviews on market outcomes, there is little research so far that jointly examines the effect 

of online reading and writing.  
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5. Appendix: Constructing Cross-Sectionally Comparable Search Volume Measure 

from the Google Search Index 

 

Google Trends provides weekly search indices of keyword queries entered into the Google 

search engine. Because the index is normalized to conceal the actual search volume of the 

keyword, researchers cannot compare the search volumes across different keywords if the raw 

search index is used as provided by Google Trends. In this chapter, we introduce a method to 

transform the weekly search indices from Google into cross-sectionally comparable search 

volume metrics. The cross-sectionally comparable search volume metrics in the previous 

chapters are acquired by applying the following method to the weekly Google search index of 

the focal movies.  

The method consists of three steps. The first is the keyword selection step, where basis 

keywords and movie keywords are selected. Any set of words can be selected for the basis 

keywords. The only requirement is that the search volume is neither too high nor too low when 

compared with the search volume of the focal movies. For our analysis, we select the following 

seven basis keywords: “mac os,” lamp, hello, windows, weather, tomatoes, video, and imdb. 

They are listed in the order of search amount in the U.S. movie industry, according to Google 

Trends. That is, among the eight keywords, “mac os” is the least searched keyword and “imdb” 

is the most searched keyword in the U.S. movie industry. Then, for each movie, we select a set 

of keywords that are considered to be used by consumers to search the movie. For example, for 

the movie 12 Rounds, we choose “12 Rounds” as the keyword for the movie. For the movie Paul 

Blart: Mall Cop, we choose “blart + mall cop,” which means either blart or “mall cop.”
11

 Figure 

                                                           
11

 The selection of movie keywords is guided by the “Related terms” section of Google Trends. The chosen 

keywords for each movie can be acquired upon request. 
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5.1 shows the pairwise comparisons of the weekly search volume indices of a basis keyword 

with its adjacent one from August 2007 to January 2010. 

Figure 5.1 Pairwise Comparison of Adjacent Basis Keywords 
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The second step is the keyword matching step. To each movie, we assign an appropriate 

basis keyword and collect the Google search index of the movie keyword along with that of the 

assigned basis keyword to the movie. Any basis keyword can be assigned to any movie as long 

as the search index of the movie keyword is comparable to that of the chosen basis keyword for 

the movie. That is, if the search volume of a certain basis keyword is too large compared to the 

search volume of a movie keyword, that basis keyword should not be used for that movie 

because the movie’s search index so collected will be shrunk to zero for many or all of the weeks. 

Google Trends provides diverse filters to minimize the measurement error in collecting intended 

search indices. We limit our search so that the search volume is measured only from the U.S. 

movie industry.  

The last step is the transformation step. We transform each movie’s search index into our 

cross-sectionally comparable search volume measure. The mathematics behind this step can be 

explained as follows. Let kj be the basis keyword at the j’th position (i.e., k1 = “mac os”, k2 = 

lamp, …, k8 = imdb), and let jk

tI represent the search index of the j’th basis keyword at week t. 

We calculate the ratio of the Google search index of two adjacent basis keywords, 

j j 1k kj, j 1

t t tr I I   , for each t and for all seven pairs of adjacent basis keywords. Let m

tI  be the search 
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index of movie m at week t. Suppose that, in the second step, the basis keyword of position j was 

assigned to movie m. Then, for movie m at week t, our cross-sectionally comparable search 

volume measure, denoted by m

tS , is calculated as in (5-1). 

 (5-1)                                                     m m j, j 1 2,1 1,0

t t t t tS I (r r r )     

, where 1,0

tr  is the weekly search index of the basis keyword “mac os” collected together with the 

keyword “lamp” (the first graph in Figure 5.1). For example, if movie m is compared with the 

basis keyword of the eighth position (i.e., “imdb”), then m m 8,7 2,1 1,0

t t t t tS I (r r r )     for that 

movie. If movie m is compared with the basis keyword of the first position (i.e., “mac os”), then 

m m 1,0

t t rS I r   for movie m. Figure 5.2(a) shows the weekly multiplier associated with each basis 

keyword, i.e., j, j 1 2,1 1,0

t t t(r r r )     if the keyword is at the j’th position. For movies Zombieland 

and X-Men Origins: Wolverine, Figure 5.2(b) exemplifies the raw search indices of Google 

Trends and their transformed cross-sectionally comparable search volume measures from 60 

weeks before the movies’ releases to 10 weeks after their releases. Note that our transformed 

search volume measures show a substantial difference in consumer search activities between the 

two movies.  
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Figure 5.2 Constructing Cross-Sectionally Comparable Search Volume Measure 

 
(a) Weekly Multiplier Associated With Basis Keywords 
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(b) Raw Search Indexes and Transformed Search Volume Measures 
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