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The prevalent usage of the Internet and other information technologies (IT) has 

fundamentally changed the information balance between businesses and consumers.  

Prior to the information age, businesses carefully controlled the information they fed to 

the media and consumers through orchestrated marketing efforts.  Little else was revealed 

to consumers except on the rare occasions where the businesses made headlines.  The 

Internet and the resulting mass media, however, have turned a business’s information 

advantage on its head.  Visiting any online retailer today, you will notice that consumers 

actively share their experiences and product information with each other.  The popularity 

of a product is increasingly determined by such consumer-to-consumer communications 

instead of a business’s marketing budget.  Even so, there is still limited understanding of 

the influences of consumer-generated media on the Internet, particularly its impact on 

business strategies.  My dissertation investigates the information effect of the electronic 

communities on consumer decision-making, product sales, and strategic product 

diffusion.  First, my dissertation considers the case where consumers can observe others’ 
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product choices, as well as gain access to public product information on the Internet.  In 

such cases it is shown that consumers engage in significant herd behavior, and my 

research further investigates the impact of herding on consumer product choices.  Second, 

my dissertation explores how online user feedback systems affect product sales.  Using 

data from the entertainment industry, my research studies the dynamic relationship 

between online user feedback information and product sales.  Following this line of 

inquiry, my dissertation also examines the impact of the Internet on a firm’s global 

diffusion strategy.  Information can be disseminated on the Web at rocket speed, which 

will fundamentally transform firms’ and companies’ strategic diffusion processes.  In 

light of such a transformation, my research investigates the impact of the Internet on the 

international distribution of entertainment products.  All in all, my dissertation expects to 

advance our understanding of the information value of the Internet.  
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CHAPTER 1 

Herd Behavior and Product Choice on the Internet: 

An Empirical Investigation 

ABSTRACT 

 Online shopping often requires consumers to choose among multiple products 

without accurate information about the quality.  Herding is common in such situations 

where consumers infer product quality from other consumers’ choices and incorporate 

that information into their own decision-making process.  The Internet affects the herding 

phenomenon in two ways.  On the one hand, it provides more information about other 

consumers’ choices, therefore making herding more feasible.  On the other hand, the 

Internet provides more details about product quality, thus making herding less desirable.  

In this paper, we empirically examine herd behavior in the context of online consumers’ 

software choices.  We find that customers engage in significant herd behavior in choosing 

software programs, and surprisingly, the provision of professional product reviews or 

user reviews does not have a significant influence on the herding phenomenon.  Our 

results suggest that consumers tend to ignore other sources of information, but are in 

favor of information inferred from others’ behavior.  This finding is consistent with the 

prediction of the informational cascades literature.  Our results also indicate that the vast 

amount of information provided on the Internet may not have as great an impact on 

consumer decision-making as previously expected.
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1.1 INTRODUCTION 

 As asserted by Eric Hoffer (1955): “When people are free to do as they please, 

they usually imitate each other.”  This leads to what is called herd behavior, i.e. everyone 

is doing what everyone else is doing (Banerjee 1992).  Herding portrays various social 

and economic situations where individuals are markedly influenced by the decisions of 

others, such as in financial investment, technology adoption, firms’ strategic decisions, 

political voting, and dining and fashion trends.  When there are two restaurants next to 

each other, customers often pick the one with more seats occupied.  Despite mediocre 

reviews, a New York Times bestseller can be sold well enough to continue as a bestseller 

(Bikhchandani et al. 1998).  

 Herd behavior is also particularly prominent in the IT industry.  IT managers are 

known to follow each other in making IT investment decisions (Kauffman and Li 2003), 

and computer users often adopt popular software thus making them even more popular 

(Brynjolfsson and Kemerer 1996; Gandal 1994).  The primary explanation provided in 

the extant literature for the observation of convergent behavior in the IT industry is 

network externalities. 1  Network externalities refer to the idea that a product will become 

more valuable as its user base expands (Kauffman et al. 2000).  However, many 

researchers have argued that significant network externalities expected by academic 

researchers often fail to materialize (Liebowitz 2002).   

 One major driver of herd behavior that is less known in IT research but has more 

general applications is informational cascades (Banerjee 1992; Bikhchandani et al. 1992; 

                                                 
1 The literature also refers to network externalities as network effects.  We use both terms interchangeably throughout 
the paper. 
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Li 2004).  Informational cascades theory assumes that sequential decision-makers have 

imperfect knowledge of the true value and thus infer the utility of the product from 

actions of their predecessors.  While the intrinsic quality of the product does not change, 

the inferred utility varies based on the actions of earlier adopters.  At a certain point, 

everyone starts to imitate their predecessors without regard to their own information 

(Bikhchandani et al. 1992). 

 Understanding the causes of herd behavior is important to business practitioners 

and policy makers.  Under network externalities, intrinsic product utility increases with 

number of adopters.  The adoption decision of following the crowds is therefore often 

socially efficient.  However, under informational cascades, intrinsic product utility does 

not increase with number of adopters.  Following the crowd in this case can lead to 

adoption of inferior products, a socially inefficient phenomenon (Bikhchandani et al. 

1992).  Differentiating the two causes is important for us to understand how herd 

behavior affects social welfare.   

 Informational cascades have become particularly important in the Internet age.  

While informational cascades have often been observed in local environments 

(Bikhchandani et al. 1992), the pervasive use of the Internet and other information 

technologies extend its influence to a global stage.  A large number of products and 

services are made available through the Internet and other electronic networks.  Online 

shoppers are often faced with intricate purchasing decisions without accurate information 

about product quality (Brynjofsson and Smith 2000).  Informational cascades are 

common in such situations where consumers need to infer product quality from other 

consumers’ choices and incorporate that information into their own decision-making 
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process.  In spite of the prevalence of theoretical development, empirical testing of 

herding is very limited.  In this study, we seek to fill this gap by empirically analyzing 

herd behavior on the Internet.  

 The Internet affects informational cascades in two ways.  On the one hand, the 

Internet and other digital channels provide much more information about other 

consumers’ choices, therefore making informational cascades more feasible.  Improved 

communication through digital venues helps individuals learn much more about other 

people’s choices.  Many online shopping websites display products on the Web according 

to their popularity, ranking items based on their previous sales performance.  

Amazon.com provides a top sellers list and posts each book’s sales rank.  Software 

products listed at CNET Download.com will be labeled as popular when the total number 

of downloads reaches top 50.  Such popularity information is an indicator of the choices 

made by earlier consumers.  Prevalence of such information on the Internet may reduce 

consumers’ incentives to gather product information on their own and make them more 

prone to free-ride on previous buyers’ decisions, thus rendering informational cascades to 

start faster and to expand to a larger population (Bikhchandani et al. 1998).  On the other 

hand, more details about product quality can be quickly garnered and disseminated on the 

Internet, thus making informational cascades less desirable.  Lower menu cost on the 

Internet enables retailers to update their product information instantly.  Individuals who 

are interested in similar products can easily locate each other and communicate on the 

Internet.  There are various forms of digital communities on the Web that enable 

consumers to exchange opinions and experiences regarding companies, products, and 

services.  In addition, an increasing number of online retailers not only provide 



 5

professional reviews, but also offer spaces for soliciting customers’ feedback on their 

products.  

 Our objective of this paper is to empirically examine online herd behavior and its 

impact on consumers’ product choices on the Internet.  We develop a market share model 

assimilated with a nested logit structure to capture the dynamics of software downloading 

market share over time.  Our empirical analyses also separate the impacts of network 

externalities from that of informational cascades.  We find highly significant herd 

behavior in consumers’ software choices that consistently occurs in various software 

categories and the impact of informational cascades is stronger in influencing customers’ 

herd behavior than the network effects.  We also find that the provision of professional 

product reviews or user reviews does not have a significant influence on the herding 

phenomenon.  In addition, we find that the herding effect dissipates over time.  Such 

results are consistent with the prediction of the informational cascades literature. 

 This paper adds to the Information Systems (IS) research by offering a new 

perspective on the Internet’s impact on consumer behavior and consumer welfare.  While 

the Internet is often attributed to empowering consumers and increasing consumer 

welfare, our finding casts doubt on this claim.  Herding is well-known to generate 

suboptimal social allocation.  By enabling consumers’ herd behavior, the Internet may 

decrease rather increase consumer welfare.  Practitioners can also benefit from this study 

in understanding online consumer herd behavior, the impact of various types of product 

information, the influence of virtual communities, and subsequently in constructing more 

efficient business strategies. 
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 The rest of the paper proceeds as follows.  The related literature and research 

hypotheses are discussed in Section 1.2 and 1.3.  Data are described in Section 1.4, which 

is followed by the empirical analyses in Section 1.5.  We conclude our paper by 

discussing the results, limitations, and identifying areas of future research in Section 1.6. 

1.2 LITERATURE REVIEW 

 Prior economic, cultural, and social research has suggested a variety of 

mechanisms for convergent social behavior observed in human society.  Herding can 

arise in the presence of network externalities (Katz and Shapiro 1985; Economides 1996).  

Adopters’ payoff is increased by herding to the majority in adopting technology 

innovations.  The increased payoff stems from the benefits associated with a large 

installed base of compatible technologies and the significant switching cost (Gallaugher 

and Wang 2002; Kauffman and Li 2003; Li 2004).  A classic example in this case is the 

adoption of spreadsheet software (Brynjolfsson and Kemerer 1996; Gandal 1994).  

Network effects are expected to be prominent in many technology innovations.  

However, recent research has demonstrated that strong network externalities are more 

difficult to materialize in the digital economy than most people anticipated.  Liebowitz 

(2002) noted that many e-commerce products do not even have the slightly trace of 

network effects.  However, many business models applied to e-commerce often 

mistakenly assume that all e-commerce is subject to strong network effects.  Li (2005) 

has shown that bogus network externalities can be stimulated through “cheap talk” and 

information asymmetry among different parties in a technology distribution channel.  
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 A recent seminal contribution to the theoretical herding research is a social 

learning mechanism, which has been independently introduced by Banerjee (1992) and 

Bikhchandani et al. (1992).  In their framework, a sequence of individuals makes 

decisions with incomplete and asymmetric information.  Individuals’ information is 

private and inaccurate.  They can only observe their predecessors’ actions, but not the 

decision-making process or the information used.  Given their imperfect knowledge, 

sequential decision-makers naturally infer the utility of the product from actions of their 

predecessors in combination with their private information.  However, if a consecutive 

number of predecessors choose a particular product, their influence on the following 

decision-makers could be so strong that they imitate their predecessors regardless of their 

own private information.  Bikhchandani et al. (1992) specifically name this process 

informational cascades.2  Their paper further noted the fragility of the cascading process.  

It is shown that a small piece of new public information may cause a long term cascade to 

crumble and shift the direction of herding.  The fragility of the informational cascades 

explicates the radical change of the often-observed herd behavior such as fads and 

bubbles. 

 Another justification for herd behavior was provided by Schafstein and Stein 

(1990).  They attributed the herding of managers’ investment decisions to the agency 

problem between managers and stakeholders.  Managers have the incentive to improve 

their reputation, which leads them to make their decisions in compliance with their 

predecessors’ actions.  Herd behavior literature has also been well developed in the field 

                                                 
2 The terms informational cascades and herding are often used interchangeably in the literature.  However, based on 
the definition by Smith and SØrensen (2000), an informational cascade occurs when individuals ignore their private 
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of financial markets.  Using a similar framework to Banerjee (1992), Welch (1992) 

examined herd behavior in the market of Initial Public Offering (IPO) and also provided a 

cascading result by showing that investors simply mimic previous investors and ignore 

their own substantive private information.  Bikhchandani et al. (2001) provided a 

comprehensive review of the recent theoretical and empirical research on herd behavior 

in financial markets. 

 In contrast to the far-reaching theoretical development, empirical research on herd 

behavior is very limited.  Borenstein and Netz (1999) investigate the departure time 

differentiation in the airline market.  They found that increased competition leads to 

greater similarities of departure time.  Kennedy (2002) analyzed herd behavior in prime 

time television programming.  Kennedy’s study indicates that, even though on average 

imitative introduction underperforms differentiated introduction, major networks copy 

each other when introducing new programs.  Simonsohn and Ariely (2004) tested their 

prediction of herd behavior in eBay’s online auction.  They found that bidders often 

engage in herd behavior by favoring auctions with more existing bids.  Their results 

suggest that bidders interpret the number of existing bids as an informative signal of 

quality, even when the higher number of bids is simply caused by a lower starting price.  

Walden and Browne (2002) found that informational cascades play a significant role in 

influencing firms’ adoption of electronic commerce technologies.   

With the exception of Walden and Browne (2002), previous research often 

attribute the herding phenomenon in IT industry to network externalities, without regard 

                                                                                                                                                 
information when making a decision, whereas herd takes place when all the individuals make an identical decision, not 
necessarily ignoring their private information. 



 9

to the putatively more prevalent influence of the informational cascades.  Network 

externalities in fact do not exist for most products sold on the Internet.  This lack of 

existing research is particularly surprising given the recent interest in understanding the 

role of online information in consumers’ decision process.  We contend that the main 

contribution of the Internet is not necessarily the vast amount of product information 

available online, but rather its ability to allow consumers to observe others’ choices.  

Understanding the difference between the two scenarios has obvious practical 

implications.  But more importantly, it helps us assess the real impact of the Internet on 

consumers.  If the Internet’s main contribution is to facilitate informational cascades, then 

it reduces consumers’ incentive in gaining private information, leading towards 

potentially suboptimal social decisions and may reduce overall consumer welfare.  On the 

other hand, if the Internet’s main contribution is to provide information, then it helps 

consumers make better decisions and increases overall consumer welfare.  In this study, 

we take the first step to analyze herd behavior on the Internet, which, to our knowledge, 

has not been explored before.   

1.3 RESEARCH HYPOTHESES 

 Our empirical study is conducted in the context of software downloading at 

CNET Download.com (CNETD).  Download.com presents an ideal environment for this 

study.  All software programs listed on CNETD can be downloaded without any charge, 

thus the price effect on consumer demand is controlled by default.  CNETD provides 

consumers with detailed information on others’ choices as well as extensive information 

on product quality.  For information on others’ choices, Download.com updates the 
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download counts of each software program every day.  In addition, a most popular list is 

posted every week.  For detailed information on product quality, CNET provides 

professional reviews on some of the software programs and solicits customer feedback as 

well.  By analyzing how the two types of information affects consumers’ choice of 

software programs, we can identify herd behavior in the market. 

 Many software products are expected to be subject to network effects (Gallaugher 

and Wang 2002).  In order to separate the herd behavior caused by informational 

cascades from that caused by network effects, it is important to address the network 

externalities in our research context as well.  The empirical prediction of network effects 

is that the adoption rate or the expected value of the software products increases with the 

size of a product’s installed base (Brynjolfsson and Kemerer 1996).  Previous research 

often uses total number of installed base to estimate the network effects (Gallaugher and 

Wang 2002; Brynjolfsson and Kemerer 1996).  To test the network effects on consumers’ 

software choices, we develop the following hypothesis: 

 

H1: [Network Effects] Consumer choice of a software product is positively affected by 

the cumulative number of consumers who have downloaded the product in the past.  

 

 In contrast to network effects, herd behavior caused by informational cascades has 

not been applied widely in IS research even though it characterizes herding in more 

general situations.  The process of informational cascades arises whenever customers 

have incomplete information and infer the utility of the product from actions of their 

predecessors.  It is therefore particularly powerful in interpreting individual consumer’s 
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decision-making.  Software programs listed on CNETD mostly target individual users 

instead of large-scale business applications.  Each software program’s download counts 

are updated on a daily basis.  Download counts information acts as an indicator of 

previous customers’ choices.  Rather than exerting more effort to obtain and analyze 

information, users are prone to treat number of downloads as informative and just follow 

the trend.  As predicted by informational cascades literature, people place significant 

weight on other people’s choices, especially when there is uncertainty of product quality 

(Banerjee 1992).  They may even ignore their own private information which perhaps 

suggests a very different option.  In the context of software downloading, customers may 

herd to a hot software program even when it has low ratings and bad reviews based on 

the speculations that it is probably a good one since everyone else has chosen it.  The key 

empirical difference between network effect and informational cascade is that later users 

are of less important for network effect due to their decreasing marginal value.  However, 

for informational cascades, the opposite is true.  The most recent predecessors have the 

biggest impact on consumer decision (Bikhchandani et al. 1992).  This is because the 

most recent predecessors incorporate all information from their previous adopters.  The 

accumulation of information makes their decision the most valuable for future 

consumers.  Thus it is the most recent users’ choices that influence the direction of the 

informational cascades.  To characterize the herd behavior caused by informational 

cascades, we hypothesize: 

 

H2: [Informational Cascades Effect] Consumer choice of a software product is 

positively affected by the decisions of their most recent predecessors.  
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 Herding is not expected to last forever in reality.  Bikhchandani et al. (1992) 

noted that the herding process caused by informational cascades can be built up very 

quickly, and may collapse rapidly as well.  The cascading process is fragile with respect 

to small shocks.  For instance, the release of new public information and the shifts in the 

underlying value of adoption could both dislodge a cascade.  In our situation, the longer a 

software program has been listed, the more information will be generated and 

disseminated on the Web, which may tear down the previous herding process.  The 

fragility of informational cascades could undermine the duration of the herd behavior.  

We, therefore, construct the following hypothesis: 

 

H3: The effect of informational cascades dissipates overtime. 

  

 Even though customers often have a clear idea about the type of software they 

need, it is difficult to pick a specific piece when there are usually more than fifty choices 

in one category.  CNETD provides standard descriptions of software features, such as 

name, operating system requirement, file size, publisher, and license.  Customers can also 

have access to CNET editorial reviews and ratings.  CNET reviews and ratings represent 

professional opinions and evaluations.  In addition, CNETD also encourages users to 

evaluate software programs and leave feedback.  There has been a growing interest in 

understanding how online user reviews influence consumers’ purchase decisions and 

product sales.  Chevalier and Mayzlin (2003) found a significant positive impact of 

online user reviews on relative online book sales for Amazon and BarnesandNoble.  Chen 
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et al. (2004) also used data from Amazon.com and they attained different findings.  Their 

results suggest that user ratings have no impact on sales, while the number of user 

reviews does.  Dellarocas et al. (2004) developed a model of predicting movie revenues 

using the first week’s online user reviews.  We complement these studies by considering 

not only the impact of the product review information, but also the information value of 

previous customers’ choices.  Informational cascades theory predicts that decision-

makers may imitate their predecessors’ actions rather than using their own information 

(Banerjee 1992).  In our context, even though customers are exposed to detailed product 

descriptions and product reviews, sufficient choice information of their predecessors may 

reduce customers’ incentives to assimilate that information.  This discussion leads to the 

following hypotheses:   

 

H4: Product information available online has no significant impact on consumer 

choice of software products. 

1.4 DATA 

1.4.1 Variables 

The dependent variable in our analysis is consumer choice of software products.  

We measure consumer choices collectively by using daily download market share in each 

individual market (i.e. in one software category).  Using daily market share instead of 

daily number of downloads has two main advantages.  First, it removes other 

unobservable influences, such as the weekend and holiday effect, which may affect the 
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absolute number of downloads.  Second, it standardizes the variance across software 

products, thus facilitating empirical analysis. 

Our independent variables include cumulative consumer choice of a particular 

software product, choice of most recent predecessors and product information available 

online.  For cumulative consumer choice of a particular product, we use the total number 

of downloads posted by CNETD.  CNETD also provides information on last week 

number of downloads, which represent the most recent customers’ choices.  As we 

mentioned earlier, CNETD posts professional reviews for most popular products and user 

reviews of all software products.  We use the ratings of the reviews as the variables for 

product review information and other software features for product characteristic 

information.   

1.4.2 Data Collection Methodology 

 Data for this study were collected from CNET Download.com (CNETD: 

http://www.download.com), which is part of the CNET networks.  CNET networks 

provide reviews, news, and price information on technology products, as well as free 

software downloading and newsletters.  CNETD is a library of over 30,000 free or free-

to-try software programs for Windows, Macintosh, and handheld devices.  Software 

programs are evaluated and categorized to facilitate customer search.  The listing can be 

sorted by total number or weekly number of downloads, software name, CNET rating, 

user rating, and the date added.  Figure 1 shows the popularity of sort options used on 

CNETD listing pages.  Download counts is shown to be the most popular sort option 

(37%), suggesting that users either are concerned with network effects or place 



 15

significant weight on previous customers’ choices.  CNET editorial staff review some of 

the software programs, with the emphasis on new and popular software.  Reviews are 

also summarized by ratings on a one to five scale, with one being the worst and five the 

best, but such reviews are not typically provided for development tools, Mac or Mobile 

applications, or server software.  CNETD evaluates software programs based on 

functionality, interface, and features.  Meanwhile, CNETD also offers a user feedback 

system for customers to share their opinions and experiences.  The user review system 

requests customers’ comments as well as an overall assessment indicated by thumbs-up 

or thumbs-down.3  Based on figure 1.1, User ratings (22%) and CNET ratings (18%) have 

been used in much lesser popularity compared with download counts when customers are 

searching for software programs. 

 We selected eight software categories as our sample which provides a diversified 

composition of the software programs.  Table 1.1 provides a summary of the eight 

software categories.  The number of software programs listed in each category varied 

considerably from approximately 60 to 300.  Such a variation reflects the idiosyncratic 

environment in a specific software category which can be defined as a single market.  We 

started collecting data in each category from November 2004 on a daily basis.  Every day 

we extracted the following information on every software program listed in each 

category: software name, description, date added, total download, last week download, 

CNET rating, number of user votes, thumbs-up (percentage of positive user feedback), 

                                                 
3 At the end of January 2005, CNETD substituted the percentage and the thumbs-up/thumbs-down system with the 
more comprehensive, five-star user-rating system.  The analysis shown in this paper used data from the old system.  We 
also compared the data from the old and new system and found no significant difference in terms of the number and the 
distribution of reviews. 
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and thumbs-down (percentage of negative user feedback),4  and whether the software 

program has been labeled pop (software is designated as pop if it climbs onto the most 

popular list) and new (software is defined as new for the first 15 days).  We also collected 

software characteristics including operating system requirements, file size, publisher, 

license, and price if its license is free-to-try.  

 We constructed the measurement of daily market share for each individual 

software program, which reflects customers’ choices in a particular category.  Let i = 

1....I index the software in a specific category.  DAILYDOWNLOADit is defined as the 

number of downloads of software i at day t.  Hence, the daily download market share of 

software i at day t is 

1

it
it I

it
i

DAILYDOWNLOADS
DAILYDOWNLOAD

=

=

∑
    (1.1) 

 During our sampling period, in addition to writing a detailed review, CNETD’s 

user feedback system provided two options for user ratings: thumbs-up and thumbs-down.  

In order to make them comparable to the CNET ratings, we rescaled user ratings on a 

scale from one to five.  Table 1.2 presents the variable definition, description, and 

measurement in our study.  There are two different types of variables: one whose value 

may change over time (with subscript i and t) and the other whose value remains constant 

over time (with only subscript i).  

                                                 
4 After January 28th 2005, we collected the five-star based representation of the user ratings.   
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1.4.3 Analysis of the Most Popular Software Programs  

 We start our analysis with a descriptive summary of the most popular software 

programs and show that they are not necessarily the best rated products.  This provides 

the first glimpse of the potential consequence of informational cascades effect.  CNETD 

provides ranking for the most popular titles in Windows each week, which includes the 

top 50 most-downloaded programs for the past week.  We collected the most popular list 

each week from November 2004 to July 2005.5  For each piece of software on the list, the 

following information was collected: software name, description, this week rank, last 

week rank, weeks on the top 50 chart, this week download, and total download.  By 

aggregating 17 weeks of data from November 2004 to March 2005, we find 83 unique 

entries of software which has appeared on the list.  Table 1.3 shows the distribution of the 

software categories to which those 83 software programs belong. 

 Table 1.4 presents the distributions of CNET ratings and user ratings for those 83 

software programs.  What is obvious is that software with mediocre or even low CNET 

and user ratings can still make it to the most-popular list.  On a scale from one to five, 

there are 12 (14%) software programs whose average user ratings are below three, with 

22 (27%) not having been rated by CNETD.  Among the remaining 61 software 

programs, nine (15%) have CNET ratings below three, and among the 22 which do not 

have CNET ratings, four (19%) have user ratings below three, and nine (41%) have 

ratings around 3.5.  We compared the distributions of the CNET and user ratings of the 

most popular software programs with those of the regular software category.  The 

distribution patterns are not significantly different, indicating that the quality of software 
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programs on the most popular list is as diversified as those in a regular category.  We also 

measured the relationship between CNET ratings and user ratings.  The Pearson 

correlation is 0.44 which is not a strong relationship, implying that CNET ratings and 

user ratings may carry different information.  Our analysis of the most popular software 

programs suggests that CNET and user reviews may not be the main driving forces 

behind customers’ choices.  

 The initial findings described in this section seem to support the herding theory 

that consumers may choose software programs according to previous users’ choices.  In 

order to fully answer our research questions and gain deeper insights, an empirical model 

is developed and rigorous empirical analyses are conducted in the next section of the 

paper.  

1.5 EMPIRICAL METHODOLOGY AND RESULTS 

1.5.1 Empirical Model 

 Our major objective is to analyze the herd behavior on customers’ choices of 

software program.  We do not observe each individual users’ download decision, but 

customers’ software choices can be collectively measured by daily download market 

share (Sit) in each individual market (i.e. in one software category).  We employ the 

multinomial logit (MNL) market-share models as our basis of empirical analysis to 

explain the market shares (or choice) of different products.  MNL models have been 

widely applied in marketing literature to analyze the competitive structure and effects of 

                                                                                                                                                 
5 CNETD have changed its interface completely since July 2005 and our data collection process stops since then.  
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advertisement and retail promotions (Cooper 1993).  Since consumer choices underlie the 

process of market-share formation, the discussion of market-share models overlaps 

substantially with consumer choice models.  In addition, market-share models deal with 

market response over time as well as over competitors (Cooper 1993).  MNL models are 

consistent with the individual choice models (random utility models) pioneered by 

McFadden (1978) if the joint distribution for random utilities follows a multivariate 

extreme-value distribution.  Another advantage MNL models hold is that it allows more 

realistic market share elasticities between different products (Gruca and Sudharshan 

1991).  The general specification of the MNL model is of the form 

∑=

= I

i it

it
it

A
A

S
1

      (1.2.) 

where Sit is the market share of the i-th product in a market of I products in time period t, 

and Ait is the “attractiveness” of the product.  MNL models specify attractiveness as 

1

exp
K

it i k ikt it
k

A Xμ β ε
=

⎛ ⎞= + +⎜ ⎟
⎝ ⎠

∑    (1.3.) 

where μi is a parameter for the constant influence of product i, Xikt is the value of k-th 

exploratory variable which may influence consumers’ product choices, and εit is the error 

term.  MNL models are nonlinear in nature which imposes difficulties in estimation.  

Nakanshi and Cooper (1982) show that MNL models can be estimated by OLS regression 

using  

1

log( )
K

it t k ikt it
k

S Xα β ε
=

= + +∑     (1.4.) 



 20

where αt is an intercept specific to the t-th time period.  However, this basic form MNL 

model suffers from the independence of irrelevant alternative (IIA) property, which treats 

every software product the same.  This feature may produce unreasonable cross-product 

substitution patterns.  In our software downloading scenario, preliminary analysis shows 

that consumers favor popular software programs.  In addition, consumers tend to 

associate higher software quality with more recent releases.  As a result, customers are 

more likely to substitute the popular software programs with each other, as is the case for 

new released software programs.  We thus incorporate a two-level nested choice structure 

into our MNL model, with popular at the higher level and new at the lower.  We assume 

that the tree structure shown in Figure 1.2 describes the choice decision for a consumer 

on a piece of software in one category.  Following the nested logit literature (e.g., 

McFadden 1981), we assume errors within a nest are positively correlated and errors 

across nests are uncorrelated.  The final linear model becomes 

1 2 | | |
1

log( ) log( ) log( )
K

it i t it it n i n p t p n p t k ikt it
k

S POPD NEWD S S Xμ α α α σ σ β ε
=

= + + + + + + +∑  

           (1.5.) 

 We construct a set of panel data to estimate (5.).  Our panel data consists of daily 

observations of software downloading.  Panel data can be used to obtain consistent 

estimators in the presence of unobserved variables. μi is the software specific fixed 

effects capturing the idiosyncratic and time-constant unobserved characteristics 

associated with each piece of software.  The advantage of fixed effects estimation is that 

it controls for any selection bias that would result from intrinsic software quality, which 

inherently affects market share.  In addition, fixed effects estimation also allows the error 



 21

term εit to be arbitrarily correlated with other exploratory variables, thus making the 

estimation results more robust.  αt is the time specific fixed effects that capture any 

influence on market share due to timing differences.  POPDit and NEWDit are dummy 

variables which indicate if software i is labeled as popular or new at day t.  log(Si|n|p)t 

denotes the conditional market share of selecting software i from new (or not new) 

releases that is popular (or unpopular) at day t, and similarly, log(Sn|p)t is the conditional 

market share of selecting new (or not new) releases that is popular (or unpopular) at day 

t.  The coefficients σn and σp capture the choice similarity within groups.  

 To test H1 and H2, we include variables TOTALDOWNLOADi,t-1 and 

LASTWEEKDOWNLOADit.  TOTALDOWNLOADi,t-1 measures cumulative total number 

of downloads of software i until day t-1, while LASTWEEKDOWNLOADit measures the 

most recent week’s number of downloads of software i at day t.  These two numbers are 

provided on the CNET site for each piece of software program that can be easily accessed 

and sorted by users.  As we can see that last week number of downloads is part of the 

total number of downloads, these two variables are somewhat related.  However, at 

different time periods, these two variables may carry different information.  

TOTALDOWNLOADi,t-1 always denotes the total number of adopters of software i, which 

characterizes the absolute adoption size.  LASTWEEKDOWNLOADit may represent very 

similar information to TOTALDOWNLOADi,t-1 at earlier stages after a software program’s 

debut, but it signifies the most recent customers’ choices afterwards.   

 We include variables AGEit (number of days software i has been posted at day t) 

and the quadratic term AGESQit to control for the growth rate in a software’s life cycle.  
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In order to test H3, we construct an interaction term LASTWEEK_AGE, which is the 

product of LASTWEEKDOWNLOADit and AGEit to evaluate the magnitude of the herding 

effect over time.  Correspondingly, we also include the interaction term TOTAL_AGE 

(the product of TOTALDOWNLOADi,t-1 and AGEit ). 

 To test H4, we mainly consider the impact of two variables, user rating and CNET 

rating.  We include variable USERRATINGi,t-1  in our model to examine the impact of the 

most up-to-date user evaluative information on downloading market share.  Since CNET 

rating does not change once it is posted for a software program, its potential impact is 

captured by the fixed effects.  Therefore, we test the effect of CNET rating and other 

time-constant software characteristic variables through a regression of the fixed effects 

coefficients on time constant software characteristics (see section 1.5.4).  Finally, we add 

NUMSOFTWAREit which is the total number of software programs listed in this category 

at day t to control for the competition effect.    

1.5.2 Fixed Effects Estimation Results 

 Our analyses are demonstrated for two software categories: Mp3 search tools 

(MP3) and Internet Chat (Chat) during the time period of January 2005.6  The length of 

this sample period also fits well into our panel data setting.  We have chosen these two 

categories because they represent two ends of the spectrum of software products in terms 

of user interaction.  While Chat provides Internet chatting and messaging that requires 

interaction among users and is expected to have significant network effects, using the 

MP3 search software is not anticipated to depend on the number of users.  Tables 1.5 and 
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1.6 show the descriptive statistics of the key variables of MP3 and Chat.  It is noticed that 

the daily market share can be as high as 61% and as low as zero, indicating the 

dominancy of the market by a small number of software programs.  The high discrepancy 

of daily market share illustrates customers’ preferences for the popular titles, suggesting 

the existence of herding.  Tables 1.7 and 1.8 present the correlation matrix for the 

complete pooled data of MP3 and Chat.  We do not find very significant correlations 

among independent variables. The correlation between TOTALDOWNLOAD and 

LASTWEEKDOWNLOAD is around 0.5 for both categories, indicating that these two 

variables may carry different information in general.  We find that the correlation at 

different days during our sample period can be very different.7  Provided that we are 

using daily observations which encompass relatively short periods, the divergence of the 

correlation can be more significant across longer time periods.  

 The fixed effects estimation results for equation (5.) are shown in Table 1.9.  

Model (1a) and (1b) only incorporate TOTALDOWNLOADi,t-1 along with other variables 

and model (2a) and (2b) only incorporate LASTWEEKDOWNLOADit.  Both variables are 

found to be significant in influencing market share, but LASTWEEKDOWNLOADit 

demonstrate a much stronger impact.  The coefficients of LASTWEEKDOWNLOADit are 

1.282 and 0.771 for MP3 and CHAT, while the coefficients of TOTALDOWNLOADi,t-1 

are only 0.162 and 0.142 respectively.  This finding indicates that consumers’ software 

choices are more influenced by the recent number of downloads, which is consistent with 

the prediction informational cascades theory.  In model (3a) and (3b), we estimate the full 

                                                                                                                                                 
6 The results from the remaining categories and time periods are qualitatively the same and are available from the 
authors upon request. 
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specification including both variables and their interaction terms with AGEit.  We find 

that for Chat both LASTWEEKDOWNLOADit and TOTALDOWNLOADi,t-1 are 

significant, but for MP3 only LASTWEEKDOWNLOADit is significant, which supports 

H2 and only partially supports H1.  Our interpretation for these findings is that the impact 

of informational cascades, which is captured by LASTWEEKDOWNLOADit, is in general 

a significant influencer on consumers’ choice across different types of software products.  

Its impacts are also largely consistent over different product categories.  On the other 

hand, network effects are significant for software programs that require interactions 

among users, but they may not be present for other categories.  Furthermore, herd 

behavior caused by informational cascades is stronger than that caused by network 

effects.  

 Also consistent with the prediction of informational cascades theory, we find that 

the parameters of the interaction term LASTWEEK_AGE is negative and significant for 

both categories, suggesting that informational cascades dissipates over time (H3).  

Moreover, we find that USERRATINGi,t-1 has no significant impact on download market 

share (supporting H4), suggesting that consumers may not refer to this information in 

making their choices or even ignore this information, which confirms the informational 

cascades theory as well. 

 The performance of other variables is quite consistent over all the models.  All the 

similarity coefficients of log(Si|n|p)t and log(Sn|p)t (σn and σp) lie within the theoretical 

range of zero to one and  they are significantly different from zero at 1% level.  This 

                                                                                                                                                 
7 During our sample period, we have more than 20 days’ observations, so the correlation matrix for each day will not 
be shown in the paper.   



 25

result validates our nested logit specification of consumers’ software choices, that is, 

consumers view popular and (or) new software programs as closer variants and vice 

versa.  For both categories, coefficient of AGEit is negative and significant at 1% level 

and the coefficient for AGESQit is positive and significant at 1% level.  This indicates that 

consumers may rate new software programs more favorably, and in general, software 

programs demonstrate nonlinear life cycle on the market. 

1.5.3 Robustness Checks  

 Descriptive statistics shown in Tables 1.5 and 1.6 indicate that the number of 

reviews (VOTES) for different software programs varies a lot.  Some software programs 

receive less than ten reviews while others get thousands.  The number of previous user 

reviews affects how following customers treat the average user rating.  If there are only a 

few reviews, the average rating only reflects a small portion of users’ opinion, which may 

not be viewed as reliable information by following customers.  On the other hand, the 

average rating from over hundreds of reviews is much closer to the population evaluation.  

Given such a concern, directly adding average user ratings into the model may not truly 

capture their influence.  Following the standard statistical procedure, we estimate 

equation (5.) for the complete model weighted by the number of user reviews by giving 

more weight to the observations with more number of user reviews (Wooldridge 2002).  

The weighted fixed effects estimation results are shown in Table 1.10.  Though some of 

the coefficients changed compared with those in Table 1.9 (model 3a and 3b), the results 

remain qualitatively similar.  Consistent with previous results, user review ratings have 

no significant impact on market share even after being weighted for the number of votes. 
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 Our panel data set consists of daily observations which encompass a relatively 

short time interval across observations for the same piece of software.  Recent 

econometrics development suggests that panel data often involves time series features 

which have not been considered in traditional estimation techniques (Wooldridge 2002).  

In order to ensure the robustness of our results, we incorporate the time series feature into 

our panel data model.  Assuming a time series process with autocorrelation residuals, we 

estimate our panel data using fixed effects technique with AR(1) disturbances.  Table 

1.11 presents the results that are qualitatively similar with model (3a) and (3b) in Table 

1.9 except for some minor changes of coefficients.8 

1.5.4 Analysis of the Impact of the Time-Constant Factors  

 As discussed in section 1.5.1, the impacts of the time-constant variables have 

been captured by the fixed effects in our panel data estimation.  It is also important to 

investigate the influences of those variables on software download market share.  In 

particular, we are interested in the impact of CNET ratings as stated in the research 

hypotheses.  In order to test H4, we regressed the fixed effects coefficients obtained from 

previous full model panel data estimation on a set of software characteristics whose value 

do not change over time.  We estimate the following regression model by OLS. 

0
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8  We also tested a few alternative specifications.  These include: (1) reversing the nest structure by putting choices of 
new releases on the first level; (2) allowing the similarity coefficients σn and σp to vary in the subgroup; (3) taking log 
of the download counts variable; (4) including a dummy variable indicating if the CNET ratings and user ratings are 
similar; (5) estimating the model under heteroskedasticity robust errors.  In all these cases, the fixed effects estimation 
gives qualitatively similar results.  We omit the detailed statistics for brevity. 
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 Where ˆiμ  represents the fixed effects estimated from equation (5.).  Yin represents 

variables CNETRATINGi, CNETRATINGDi, and other software attributes including 

LIMITATIONDi, LICENSEi, OPSi, FILESIZEi, and PRICEi (see Table 1.2 for a detailed 

description of each variable).  No consistently significant results are observed for those 

variables in both categories, thus the results will not be reported here.  Similar to user 

ratings, CNET ratings have no significant impact on customers’ software choices 

(supporting H4), indicating that even professional evaluation may not be powerful 

enough to influence the choices made by consumers, who often choose to follow other 

people’s decisions instead. 

1.6 DISCUSSION AND CONCLUSIONS 

 The objective of this paper is to analyze herd behavior on the Internet.  Advances 

in information technologies, and particularly the widespread use of the Internet, have 

facilitated information generation and transmission at an unprecedented speed.  On the 

one hand, more product information can be revealed and disseminated on the Web.  On 

the other hand, customers have more information about other consumers’ choices, thus 

reducing their incentive to collect and analyze information.  Previous literature suggests 

that individuals place significant weight on other people’s actions, which often leads to 

herding.  In this study, we empirically investigated the degree to which online 

consumers’ decisions are affected by their predecessors’ choices and independent product 

information respectively in the context of electronically delivered software market. 

 A report posted on CNETD shows that the most popular sort option customers 

use on the listing pages of Download.com is the number of downloads.  In our data, we 
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find that often a small number of software products dominate the market.  These two 

general statistics indicate that users’ choices may be determined by the popularity of 

products.  By analyzing our panel data using a fixed effects nested logit market share 

model, we identified a significant herding effect.  Our results suggest that daily download 

market share of a software program is remarkably driven by the latest previous number of 

downloads.  This indicates that customers’ choices are significantly affected by their 

recent predecessors’ decisions.  Conversely, the provision of professional product 

reviews or user reviews does not have a significant influence on daily market share.  Our 

findings are consistent with the prediction of the informational cascades literature that 

customers are inclined to use information inferred from others’ behavior, but ignore other 

information sources.   

 Software products are often known to have network effects.  Our results show that 

herd behavior caused by informational cascades is significant and its impact is more 

pronounced than that caused by network effects.  Previous IS research often attribute the 

observed convergent behavior to network effects without considering informational 

cascades, thus might overstate the significance of network effects.  Informational 

cascading is much less known, but may exert a more general and stronger impact on 

online consumers’ herd behavior.  Differentiating network effects and informational 

cascades improves our understanding of the impact of network externalities.  Our paper is 

an initial attempt to address this issue and extensive future research is needed in this 

direction. 

 As an initial step to understand the information effect of online consumer 

behavior, this study has a number of limitations.  In particular, the free software products 
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considered in this research limited our ability to understand how pricing strategy affects 

herding behavior. However, we can still draw some implications for pricing strategy from 

our results.  The fact that consumers follow each other’s choice indicates that firms shall 

price their products low in the beginning to attract consumers and to initiate the herding 

process.  The advantage of this is that firms can easily raise their prices once enough 

consumers have bought into the products.  To develop a deeper understanding of how 

pricing strategy interacts with herd behavior, we are in the process of extending our panel 

data analysis to other online shopping environments.  Interestingly, in most online 

shopping environments, sales ranking is prominently displayed and consumers can easily 

look it up before placing an order.  This contrasts sharply with the traditional physical 

shopping environments, where consumers rarely observe others’ choices.  Given the 

exceptional power of the Internet to generate and disseminate such sales information, 

herding can be a much more prevalent feature in online environments.  Accordingly, it is 

imperative for online retailers to understand customers’ herd behavior in virtual 

environments and to explore it strategically.  Customers’ disposition to herding also 

provides important insights for online marketers whose campaigns must take into 

consideration the power of herd behavior.  Building up synchronized marketing 

campaigns and targeting early adopters will be crucial in this environment.  Once the 

product becomes a market leader, the herding effect will provide sustained market share 

in the future.  The presence of herding effect also intensifies early stage competition 

between products as everyone is striving to become a market leader so as to capture the 

herding effect.  Thus, to examine the initialization of herding during the early stage of 

product adoption will be an important extension for future research.  In addition, we 
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found that herding dissipates over time in our analysis.  Our data does not allow the direct 

test of the causes which lead to the crumble of the informational cascades, which should 

also be explored in the future studies.  

 We often only observe a summary statistic of the customers’ actions as featured in 

this study.  However, important insights of the online consumer decision-making process 

can be generated by directly observing consumer behavior and investigating individual-

level data.  Our results suggest that customers are prone to ignore product information.  

However, that does not mean that product information has no impact.  If product 

information can influence early adopters who in turn affects others through herding 

effect, it could be of substantial value.   Future studies may extend this research by 

exploring how customers’ information integration processes affect their decision-making 

especially for early adopters. 

 A more fundamental issue in studying the Internet is that much research has 

shown that the Internet empowers consumers by providing them with more information.  

It is often expected that such provision of information will benefit consumers which leads 

to higher social benefits.  However, we find that the provision of sales ranking 

information may reduce consumers’ incentive to collect and analyze information.  They 

may choose to follow each other blindly.  As such, the Internet may reduce use of 

information which leads to lower social benefits.  This study is the first step towards a 

better understanding of the information role of the Internet.  More research is expected to 

shed additional light on the investigation of herd behavior under the influence of 

information technologies. 
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 CHAPTER 2 

Do Online Consumer Reviews Matter? – An Empirical Investigation of 

Panel Data 

ABSTRACT 

This study examines the dynamic process of online user reviews for motion pictures and 

its interdependent relationship with movies’ daily box office performance.  In contrast to 

the common wisdom that better user reviews lead to more sales, we show that the rating 

of online user reviews has no significant impact on movies’ box office revenues.  

Nevertheless, we find that box office sales are significantly influenced by the volume of 

online postings.  Our findings suggest that it is the underlying word-of-mouth effect that 

plays a dominant role rather than the user ratings.   
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2.1 INTRODUCTION 

 On September 12, 2004, an anonymous consumer disclosed in his online journal 

that the ubiquitous, U-shaped Kryptonite lock could be easily opened with a ballpoint pen 

(Kirkpatgick and Ryan 2005).  Within days, the news penetrated virtually every blog 

(short for “web logs,” where individuals publish their personal diaries) and internet chat 

room.  The online word-of-mouth frenzy forced Kryptonite to announce a free exchange 

program on September 22 for any affected lock.  The Kryptonite incident demonstrates 

the sheer power of online word-of-mouth today.  With the help of the Internet, 

information is no longer only controlled by news media or large businesses.  Everyone 

can share their thoughts with millions of Internet users and influence others’ decisions 

through online word-of-mouth. 

 Word-of-mouth has been recognized as one of the most influential resources of 

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

(Reynolds and Beatty 1999; Maxham et al. 2002; Godes and Mayzlin 2004).  However, 

conventional interpersonal word-of-mouth communication is only effective within 

limited social contact boundaries, and the influence diminishes quickly over time and 

distance (Ellison and Fudenberg 1995).  The advances of information technology have 

profoundly changed the way information is transmitted, and have transcended the 

traditional limitations of word-of-mouth.  Consumers can now easily and freely access 

information and exchange opinions on companies, products, and services on an 

unprecedented scale in real time.   
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 Online customer review systems are one of the most powerful channels to 

generate online word-of-mouth (Dellarocas 2003).  With the popularity of online word-

of-mouth activity, an increasing number of businesses have started to offer online word-

of-mouth services.  Amazon.com is well-known for its extensive customer review 

systems.  Major television networks such as ABC, CBS, and NBC sponsor Usenet 

newsgroups to elicit viewers to talk about their programs and shows.  Similarly, almost 

every studio and film distributor has utilized the Web as a critical marketing venue by 

creating websites and discussion forums for their movies (Fattah 2001).  The Web has 

become a medium to reach audiences directly and generate buzzes with tremendous 

efficiency and flexibility, regardless of geographic boundaries.  The most successful 

example of leveraging online word-of-mouth as the major marketing tool is the “mega 

hit” The Blair Witch Project (1999).  The movie was initially seen as a teenage fright 

flick with a “tiny” production budget of $60,000.  Thanks to the large-scale discussions 

generated on the Web, it eventually became a huge box office success ($248 million 

worldwide). 

 In spite of the widespread belief that the Internet may act as a huge “megaphone” 

in promoting product sales, few literature has provided evidence that online word-of-

mouth, such as product reviews and recommendations, plays any role in influencing 

consumers’ choices and purchase decisions.  There have been a number of recent studies 

investigating the impact of online word-of-mouth on product sales (Chatterjee 2001; Srini 

et al. 2002; Chen et al. 2003; Chen et al. 2004; Chen and Xie 2004; Dellarocas et al. 

2004; Godes and Mayzlin 2004).  However, the results are mixed.  Some of the research 

supports the view that online user review has a significant impact on sales (Chen et al. 
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2003), while other research challenges such a view (Chen et al. 2004; Godes and Mayzlin 

2004).  

  The challenges and confusion mainly come from two perspectives.  First, many 

studies treat word-of-mouth as exogenous (Chen et al. 2004; Dellarocas et al. 2004).  

Word-of-mouth, however, is not only the driving forces of consumer purchase but also 

the outcome of product sales (Anderson 1998; Srini et al. 2002).  The causality between 

product sales and word-of-mouth works in both directions.  Ignoring the dual precursor 

and outcome roles of word-of-mouth is one of the main causes of the confusion.  Second, 

many researchers conduct their analyses in a cross-sectional context (Chatterjee 2001; 

Chen et al. 2003; Chen et al. 2004).  A cross-sectional setting, however, cannot control 

for the intrinsic product heterogeneity.  In particular, it cannot explain whether the 

difference in product sales is due to the unobserved differences in product quality or the 

effect of word-of-mouth.  Moreover, a cross-sectional setting also cannot handle the 

dynamic process of word-of-mouth generation and transmission.   

 Given previous limitations and challenges, we propose a simultaneous equation 

system to fully capture the dual nature of online word-of-mouth and its dynamic 

evolution in a panel data setting.  We employ online user reviews for motion pictures as 

our research context because rapid spread of word-of-mouth has been historically 

considered a critical factor for financial success by the entertainment industry (Orwall 

and Ramstad 2000).  A recent report by Forrester Research found that approximately 

50% of young Internet surfers rely on word-of-mouth recommendations to purchase CDs, 

movies, videos or DVDs (Godes and Mayzlin 2004).  We construct a panel data set 

including daily online user reviews and daily movie box office sales.  Our simultaneous 



 35

equation system takes full advantage of the panel data structure and specifies causality in 

both directions.  Using the simultaneous equation system, we seek to clarify the 

confusion in prior studies by providing measures of the true effect of online word-of-

mouth and characterize the dynamics of online word-of-mouth. 

 Our findings challenge conventional thinking by showing that user ratings do not 

affect movie sales after controlling for the product heterogeneity.  This result is consistent 

with earlier findings with regard to the impact of movie critics.  Eliashberg and Shugan 

(1997) showed that movie critics’ ratings are predictors of movie performance, but they 

do not influence movie performance.  We find that, in the online user review setting, user 

ratings share a similar characteristic.  They reflect movie quality, but they do not 

influence movie sales.  This result indicates that consumers are fully capable of inferring 

the true quality of a movie from online reviews without being influenced by the ratings of 

the reviews per se.  Our analyses also show that the number of postings is significantly 

correlated with movie sales after taking into account of the causality issue.  This indicates 

the presence of word-of-mouth effect, i.e. the online user reviews collected in our sample 

represent a snapshot of the underlining word-of-mouth process that drives movie sales.  

Moreover, we find that the number of user reviews online is significantly driven by 

movie sales, confirming that user review is not only a precursor to, but also an outcome 

of sales.  In addition, our results show that the number of postings is positively 

autocorrelated, demonstrating the self-driving essence of online word-of-mouth.  Finally, 

from the data of the first two weeks, we obtained significantly different results.  Such a 

difference captures the rapidly-changing nature of the effect of word-of-mouth on the 

Internet. 
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 Our paper enriches the empirical research on the impact of online word-of-mouth.  

From the methodology perspective, we demonstrate the importance of controlling for the 

dual role of online word-of-mouth as a precursor to and an outcome of product sales, and 

the importance of controlling for the unobserved but inherent product heterogeneity in the 

analysis of online word-of-mouth.  From the managerial perspective, we show that 

consumers are rational in inferring movie quality from online user reviews without being 

unduly influenced by the rating, thus presenting a challenge to businesses that try to 

influence sales through “planting” positive product reviews.  Our findings, however, 

show that the underlying word-of-mouth process does have a significant impact on sales, 

suggesting that businesses should embrace and facilitate word-of-mouth activities.   

 The rest of the paper is organized as follows.  The next section provides the 

literature review followed by the discussion of research objectives and hypotheses.  We 

then describe our source of data and the empirical model.  Main findings are presented 

and discussed next, and the paper ends with a discussion of limitations and future 

research. 

2.2 LITERATURE REVIEW 

 Research on the impact of interpersonal communication is common in the 

economics literature.  The early studies of Learning from Others provide evidence that 

word-of-mouth communication may affect others’ decisions in different social contexts 

(McFadden and Train 1996).  Smallwood and Conlisk (1979) showed that a product may 

capture the entire market regardless of its quality through some type of learning process.  

Banerjee (1992; 1993) presented two models indicating that people place such a 
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significant weight on other people’s opinions that they may even ignore their own private 

information.  Kirman (1993) demonstrated a similar result that Learning from Others can 

cause a significant differentiation in market share between two products with the same 

quality.  Ellison and Fudenberg (1995) studied a simple model of word-of-mouth 

communication and found that social learning is often most efficient when 

communication between agents is limited.  

 A number of previous empirical studies have been conducted to examine the 

impact of interpersonal word-of-mouth, but results are mixed.  Katz and Lazarsfeld 

(1955) found that word-of-mouth plays the most important role in influencing the 

purchase of household goods and food.  Coleman et al. (1966) used word-of-mouth to 

explain adoption of tetracycline among physicians.  Foster and Rosenzweig (1995) 

attributed adoption of high-yield varieties of seeds by farmers to word-of-mouth effect.  

However, Van den Bulte and Lilien (2001) cast doubt on the role of word-of-mouth as a 

sales driver.  They re-examined the analysis by Coleman et al. (1966) and found that 

marketing efforts, not word-of-mouth, plays a dominant role in physicians’ adoption 

decision.   

 The utilization of the Internet as a venue for publicizing feedback and 

recommendations on products and businesses has gained growing popularity (Chen and 

Xie 2004).  However, little is known about if online word-of-mouth has any influence on 

consumers’ evaluation and purchase decisions.  Dellarocas (2003) provides a 

comprehensive review of the current progress and challenge of studying online feedback 

systems.  Chatterjee (2001) used surveys to examine the impact of negative online user 

reviews.  The results indicate that the use of online word-of-mouth information depends 
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on a consumer’s intent to purchase online.  Consumers who are more familiar with a 

specific retailer are less likely affected by the negative reviews.  Chen et al. (2004) 

studied the underlying patterns of online consumer posting behavior through online 

reviews for automobiles.  They found that automobile characteristics such as quality and 

price have a significant impact on users’ inclination to post.  Chen et al. (2003) 

empirically investigated the impacts of both online user reviews and recommendation 

information on book sales in Amazon.com from the consumer search cost perspective.  

They found that recommendations are positively associated with sales, while consumer 

ratings are not found to be related to sales.  They also found that recommendations are 

more important for less popular books.  Li and Hitt (2004) investigated the self-selection 

effect and information role of online product reviews.  By analyzing the data of online 

book reviews, they found that average rating declines over time and early consumer 

reviews demonstrate positive bias due to the self-selection effect. 

 A recent work by Godes and Mayzlin (2004) focused on the measurement issues 

of word-of-mouth in a dynamic setting.  They examined word-of-mouth communication 

for TV shows in different Usenet newsgroups.  They found that dispersion of word-of-

mouth is significantly correlated with a TV show’s performance early on, while volume 

exhibits significance only in later periods.  Their empirical analyses took into account the 

dual nature of word-of-mouth communication as both a precursor and an outcome.  

However, the system of seemingly unrelated regressions (SUR) does not handle the 

endogeneity of word-of-mouth when it acts as an influencer of the sales.  In this paper, 

our focus is to examine the impact of online user reviews which is critical to understand 

the influence of online user feedback systems.  We use a dynamic simultaneous equation 
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system that fully characterizes the interdependent relationship between online user 

reviews and movie revenues.  Moreover, we use movie review data that are essentially 

different from Usenet newsgroup conversations.   In addition to measuring volume, we 

measure user ratings that are often considered a driving force of consumers’ product 

choice, which is not available for Usenet newsgroup data and thus has not considered by 

Godes and Mayzlin (2004). 

 Movie industry experts appear to agree that word-of-mouth is a critical factor 

underlying a movie’s staying power which leads to its ultimate financial success.  

However, prior research on the relationship between word-of-mouth and market 

performance of motion pictures is surprisingly limited.  Neelamegham and Chintagunta 

(1999) empirically assessed the relationship between word-of-mouth and weekly 

revenues, but failed to obtain any significant results.  They attributed the failure to the 

inadequacy of the measurement of word-of-mouth, which may also explain the lack of 

significant results of the word-of-mouth effect in the previous literature.  Elberse and 

Eliashberg (2003) used revenues per screen in the previous week as a proxy of word-of-

mouth in their analysis of demand and supply of motion pictures.  They found such a 

measurement of word-of-mouth to be a key predictor of box office revenues.  Dellarocas 

et al. (2004) employed a modified Bass Diffusion model to study the effects of online 

user reviews in forecasting movie revenues.  Their major results showed that the 

aggregate first week online user review information can generate accurate future 

forecasts of movie revenues.  However, the causality between user reviews and revenues 

still remains a question in their study.  Reinstein and Snyder (2005) apply a difference-in-
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difference approach to uncover the impact of movie critics on sales.  They have identified 

marginal positive influence of movie critics on the demand. 

 On the other hand, a range of studies have provided evidence for a positive 

relationship between critical reviews and theatrical success (Litman 1983; Litman and 

Ahn 1998; Prag and Casavant 1994; Ravid 1999; Sawhney and Eliashberg 1996; Sochay 

1994; Zufryden 2000).  Eliashberg and Shugan (1997) tried to distinguish critics’ role as 

“influencers”, whose opinions influence their audience and thus the box office, from their 

roles as “predictors”, as merely a leading indicator of their respective audience with no 

significant influence on actual box office revenues.  The authors found that critical 

reviews correlate with late and cumulative box office revenues but do not have a 

significant correlation with early box office performance.  This finding implies that a 

critical review is more likely to be a “predictor” than an “influencer”.  A recent study by 

Sorensen and Rasmussen (2004) evaluated the impact of New York Times book reviews 

on sales.  Their results suggest that “any publicity is good publicity:” even negative 

reviews lead to increases in sales. 

2.3 HYPOTHESES 

 Our goal in this paper is to investigate the impact and dynamics of online word-

of-mouth.  As a context for our inquiry, we choose online user reviews for motion 

pictures.  There are several reasons for choosing such a research context.  First, given that 

price may play an important role in consumers’ purchasing decisions and product 

satisfaction, choosing the movie industry to study online word-of-mouth has its unique 

advantage.  Movie ticket prices are typically determined in the local markets.  Therefore, 
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we can rule out the possibility that price is mediating consumers’ purchasing decisions.  

Second, word-of-mouth has traditionally been considered a critical factor in influencing 

box office performance, but there is no consistent documented support.  We would 

address such a shortcoming by exploring the impact of online word-of-mouth on movie 

sales.  Third, compared with other products such as books and music CDs, which usually 

have only sales rank data, motion picture box office sales data is publicly available, thus 

significantly reducing measurement error.  Finally, both online user reviews and movie 

sales are high-frequency data that can be collected on a daily basis.  This provides 

sufficient observations for empirical analysis. 

 Online user reviews for movies usually provide both an overall rating (often 

denoted by a letter or star grade) and a detailed review.  Therefore, in addition to 

following the tradition of measuring word-of-mouth by volume, i.e. number of postings, 

we also take rating as part of the measurement of word-of-mouth.  Previous theoretical 

and empirical research provides support for the positive relationship between volume of 

word-of-mouth and product sales (McFadden and Train 1996; Godes and Mayzlin 2004).  

In addition, prior research also suggests that review ratings have a positive impact on 

movie sales (Sawhney and Eliashberg 1996; Reinstein and Snyder 2004).  We thus derive 

the following hypotheses:  

H1: Number of user postings has a positive impact on box office revenues. 

H2: User review ratings have a positive impact on box office revenues. 

 We measure user review ratings from two different perspectives, i.e. cumulative 

rating and daily rating.  Cumulative rating is the arithmetic average of all the previous 

user review ratings, while daily rating is the arithmetic average of user review ratings 
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posted in a single day.  Cumulative rating represents the summary score posted by the 

user review website.  Daily rating reflects the most recent word-of-mouth information 

disseminated by users who have just watched the movie.  Considering that some of the 

users may only browse the overall rating while others tend to read the most recent posts 

more carefully, we separate H2 into two parts. 

H2a: Cumulative user review rating has a positive impact on box office revenues. 

H2b: Daily user review ratings have a positive impact on box office revenues. 

 De Vany and Walls (1996) explored the demand and supply dynamics and the 

path of the distribution of film revenues.  Their results indicate that weekly revenues are 

autocorrelated: more recent revenue increase is more likely to experience additional 

revenue growth.  Recent research by Elberse and Eliashberg (2003) verify that previous 

week per screen revenues are positively correlated with current week sales.  Such a 

positive autocorrelation of movie sales results from the nature of the consumer demand of 

motion pictures (De Vany and Walls 1996).  While the previous studies constrain 

autocorrelation to weekly data, we extend it to daily data in this study.  

H3: Daily box office revenues are autocorrelated: a movie which experienced 

increasing revenues in the previous day is more likely to experience additional 

growth than a movie which experienced growth in the distant past. 

 Word-of-mouth not only leads to future sales, it is also an outcome of previous 

sales.  For example, Chen et al. (2004) found that the number of online postings is 

positively related to past automobile sales controlling for price and quality.  Godes and 

Mayzlin (2004) illustrated that the number of Usenet postings is positively correlated 

with a TV show’s performance.  Hence, we hypothesize: 
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H4: Box office revenues have a positive impact on the volume of word-of-mouth. 

 Previous research of word-of-mouth indicates that volume of word-of-mouth 

communication peaks in a short period of time (Godes and Mayzlin 2004).  Such a buzz 

effect indicates that word-of-mouth often leads to more word-of-mouth, suggesting a 

positive autocorrelation.  Thus, we have the following hypothesis: 

H5: Daily number of user reviews is autocorrelated: a recent increase in the number 

of postings for a movie is more likely to elicit more user reviews in the following 

day. 

 Online user reviews are considered public goods since providing reviews on the 

Internet costs reviewers’ effort, but benefits all the users.  Public goods theory suggests 

that an individual contributes less when there are substantial sources of contribution (Gu 

and Javenpaa 2003; Dellarocas et al. 2004).  Li and Hitt (2004) evaluate the self-selection 

effect in online book reviews.  They found that users who are most likely to contribute 

post their reviews early, leaving those who are less likely to contribute.  Both the public 

goods theory and the self-selection effect lead to the following hypothesis: 

H6: Daily number of user reviews is negatively correlated with the cumulative number 

of reviews.  

2.4 RESEARCH METHODOLOGY 

2.4.1 Description of the Data 

 The sample for this study was collected from three publicly available sources, 

Variety.com (Variety: http://www.variety.com), Yahoo! Movies (YM: 
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http://www.movies.yahoo.com), and BoxOfficeMojo.com (Mojo: 

http://www.boxofficemojo.com).  Movies were chosen based on the Variety’s year 2003-

2004 box office rank in the U.S. market.  By the time we collected the data, movies still 

playing in the theater were not included in the sample.  We then matched the list of 

movies with that on YM and Mojo for user reviews and daily box office information.  

Our sample includes the movies that have a complete history of user reviews from their 

release dates and have the complete corresponding daily box office revenue data as well.  

Our final data set included 71 movies with the release time in theaters between July 2003 

and May 2004.  All the movies in our sample were nation-wide releases from their 

opening days.  

 From YM, we collected the following information for each movie: each user 

review’s yahooID, post date, overall grade, grade for story, acting, direction, and visual, 

and length of the full review.  We also collected the average user review grade and 

average critic grade posted on YM by the date we collected the data.9  We assigned a 

numerical value to the letter grade of each individual user review, so that A+ equals 13, A 

equals 12… and D equals 3.  This set of data was aggregated, for each movie, by adding 

up grades and taking the arithmetic average for each day.10  Similarly, we calculated the 

cumulative average grade for each movie.  We thus constructed our measurement of 

cumulative rating and daily rating.  We also summed up the daily and cumulative 

number of posts for each movie.  Having matched each movie by title and release date, 

                                                 
9 The average critic grade was calculated based on 13 -15 critics reviews invited by YM and posted on the YM 
website.  
10 We contacted Yahoo! Movies to verify such a numerical transformation of the original letter grade. We 
were notified that the average user grade posted on the Yahoo! Movies website is calculated in the same 
way. 
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we collected the following information from Mojo: daily rank, daily gross revenues, 

theaters engaged, average revenue per theater, and daily gross-to-date revenues.  In 

addition, we also collected summary data for each movie: production budget, estimated 

marketing costs, MPAA rating, producer, and domestic and oversea gross revenues.  

Users start posting reviews usually right on the opening day of the movie on YM, and 

reviews keep emerging long after the movie’s theater lifetime.11  The specific post date 

information provided by YM for each review can be matched with daily box office 

revenues, which offers a unique opportunity to study the dynamics of online reviews.  

Table 2.1 presents the summary statistics for our sample.  Table 2.2 provides the 

description and measurement of the key variables used in the empirical analysis. 

 YM posts an assessment of Average User Grade which is calculated based on all 

the user ratings.  However, only those with detailed reviews will be posted on the 

website, which means we were not able to collect all user ratings.12  To test if such a 

sample is a representative of all the postings in terms of the review grade, we kept track 

of 12 new-release movies for two weeks from their opening date.  We collected all the 

reviews posted and the updated Average User Grade provided by YM at 2-6 minutes 

intervals.  At each interval, the average review grade calculated based on the posts with 

full reviews was compared with the Average User Grade posted on YM.  We observed 

almost perfect correlation for all the movies, suggesting that the portion of user reviews 

                                                 
11 Reviews that were posted later e.g. after 2-3 months of movie’s release date were probably based on experience 
other than in the theater, such as from TV, DVD, or other venues. Although we collected all the reviews, we only used 
those that were posted during the movie’s theatre running time. 
12 A lot of users only provide a letter grade instead of a full review, which will not be shown on YM, but will be 
aggregated into the Average User Grade on YM website. 
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shown on YM sites is a good proxy of all the user ratings (this part of data and analysis 

will not be reported here).  

 We also observed that, for most movies, the number of user reviews soars in the 

first couple of days after the opening and drops significantly afterwards.  Such a pattern is 

very similar to the box office life-cycle of motion pictures.  Most movies are shown in 

theaters for eight to ten weeks.  Typically, the box office receipts peak at the time of 

initial film release, followed by an exponential decay over time.  Since word-of-mouth 

effect decreases over time very quickly, it is essential to capture the dynamics in the early 

periods.  Although we constructed a balanced panel data set of the 71 movies for 6 weeks 

(42 days), we focused on the first two weeks in this study.  The descriptive statistics for 

some key variables of the first two weeks is presented in Tables 2.3 and 2.4.  The tables 

show that the average number of postings drops significantly from week 1 to week 2 (the 

mean value of DAILYPOST changes from 88.54 to 36.95 and the maximum number 

decreases from 633 to 231).  Such a difference implies that most buzz is created in the 

early period and the intensity keeps changing over time, thus making the importance of 

using daily data even more evident.  Tables 2.5 and 2.6 present the pooled data 

correlation matrix of the key variables for week 1 and 2.  DAILYREVENUEit and 

DAILYPOSTit in general have a strong positive correlation (0.65 for the first week and 

0.56 for the second week).  However, such a correlation does not indicate any direction of 

causality or any timing sequence in priori.  We have to fully characterize their 

interdependent relationships in the empirical analysis to uncover the true impact of user 

reviews.  
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 Table 2.7 provides pairwise correlations for some characteristic variables in our 

sample.  Similar to the observations of the first two weeks’ data, the total number of user 

posts has a relatively high positive correlation with US gross revenues (0.68).  This 

indicates the intrinsic connection between the number of posts and box office 

performance, but does not designate any causal relationship.  In addition, we observed 

that Average User Grade and Average Critic Grade do not have a very high correlation 

(0.56), suggesting that online user reviews may carry different information from that of 

the professional critical reviews.  This finding is consistent with that of Dellarocas et al. 

(2004), who found that the correlation between critics and YM user reviews is 0.52.  

2.4.2 Empirical Model Specification 

 As we are interested in the dynamic interaction between movies’ box office 

revenues and online word-of-mouth information, we developed the following two-

equation system: one equation with daily revenues as the dependent variable (the revenue 

equation) and one with daily number of posts as the dependent variable (the post 

equation).  Such a system captures the interaction between the two dependent variables 

over time, and the equation of daily number of posts also characterizes the dynamics of 

the volume of online word-of-mouth.  
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 Let i = 1,......N index the movies.  For the revenue equation, DAILYREVENUEit 

denotes the daily gross revenues of movie i at day t, and its one-day lagged variable is 

defined as DAILYREVENUEi,t-1.  Since the adaptation of supply (allocation of number of 

theaters and screens) to demand usually takes place in the later period of a movie’s life 

cycle, there are unique advantages of investigating early box office data without worrying 

about the adjustment of the supply from movie distributors.  In addition, number of 

movies showing in theaters usually does not change in a given week, thus the competition 

and substitution effects of various movies showing on the same day can be controlled 

through our daily panel data setting.  H3 acknowledges that daily box office revenues are 

positively autocorrelated and thus we expect α1 > 0.  We define DAILYPOSTit as the total 

number of user reviews posted for movie i at day t and DAILYPOSTi,t-1 as the total 

number of user reviews posted for movie i at day t-1.  H1 suggests that the number of 

postings is positively correlated with box office revenue.  Thus, we also expect α3 > 0.  

 CUMURATINGi,t-1 represents the cumulative average user review grade of movie i 

up to day t-1.  Since YM provides Average User Grade on the top of each movie’s page, 

it is the most noticeable information on the website.  H2a indicates that the cumulative 

user review rating has a positive impact on movie revenues.  We then expect α2 > 0.  To 

test H2b, we used DAILYRATINGi,t-1 to substitute CUMURATINGi,t-1 in the revenue 

equation, which is formulated in equation (2.3.) and estimated with equation (2.2.). 
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Following the discussion above, we anticipate γ1 > 0, γ2 > 0, and γ3 > 0. 
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 For the post equation, the addition of variable DAILYREVENUEit indicates that 

the number of postings is also influenced by the number of people who have watched the 

movie.  Therefore, H4 predicts that β1 > 0.  DAILYPOSTi,t-1 is the one-day lagged variable 

of daily number of postings and β3 > 0 is suggested to be positive by H5.  CUMUPOSTi,t-1 

denotes the cumulative number of user reviews posted until day t-1.  H6 suggests that 

users have less incentive to post reviews given a sufficient number of existing reviews.  

Therefore, we expected that β2 < 0. 

 A dummy variable, WEEKENDit, is included in all equations to identify the 

potential difference of consumers’ movie-going behavior between the weekend and 

weekdays.  Θt, ηt, and δt represent intercepts that denote the aggregate time effect for 

each movie.  For each equation, we also incorporate the fixed effects, μi, ρi, and φi, to 

capture the idiosyncratic characteristics associated with each movie, such as its budget, 

marketing costs, genre, distributor, as well as its intrinsic quality.  The fixed effects 

capture all non-time-varying unobserved heterogeneity of each movie, thus we were able 

to control for unobserved differences across movies.  In addition, fixed-effects estimation 

allows the error term to arbitrarily correlate with other explanatory variables, making the 

estimation more flexible and robust. 

2.5 RESULTS AND DISCUSSIONS 

2.5.1 Estimation Results for the First Week  

 A three-stage least-square (3SLS) procedure was employed to simultaneously 

estimate the system of two equations (either (2.1.) and (2.2.) or (2.2.) and (2.3.)).  OLS 
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results are also presented for comparison.  OLS estimation is inconsistent because the 

regressors of all the equations include endogenous and lagged variables.  We are also 

concerned about the consistency of 3SLS estimation procedure since we include lagged 

endogenous variables in the equation, and a fixed-effects model may suffer from finite 

sample bias (Nickell 1981).  In addition, the lagged variables also contribute to the 

identification of the system of equations.  We then estimate a model suggested by 

Arellano and Bond (1991) using a GMM-based method and find qualitatively equivalent 

results to 3SLS.  Estimation results for the first week are presented in Tables 2.8 and 2.9.  

Table 2.8 shows the results for estimating equations (2.1.) and (2.2) (cumulative user 

review rating), and table 2.9 presents the results for analyzing equations (2.2.) and (2.3.) 

(daily user review rating).  

 In Table 2.8, for the revenue equation (3SLS estimation), the significance of the 

coefficient of variable WEEKENDit verifies our assumption that theaters enjoy 

significantly higher revenues on weekends.  Both DAILYREVENUEi,t-1 and DAILYPOSTit 

are significant predictors for DAILYREVENUEit.  So, both H1 and H3 are supported.  The 

positive relationship between DAILYPOSTit and DAILYREVENUEit implies that higher 

volume of word-of-mouth generated on the web is correlated with higher offline box 

office revenues.  However, CUMURATINGi,t-1 does not have a significant impact on 

DAILYREVENUEit.  Thus, H2a is not supported in this analysis.  

 For the post equation (3SLS estimation), WEEKENDit is a significant negative 

predictor implying that, on average, the number of reviews posted on weekdays is more 

than that posted on weekends.  The coefficient of DAILYREVENUEit is positive and 

significant, indicating that volume of word-of-mouth is also strongly affected by sales.  
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This result supports H4 and verifies that word-of-mouth information is not only a 

precursor to, but also an outcome of revenues.  The positive and significant coefficient of 

DAILYPOSTi,t-1 supports H5, signifying the self-driving progression of online word-of-

mouth in the opening week.  Such a finding implies that early buzz generated for a 

product on the web is a significant driver for later word-of-mouth interests, especially for 

new-released movies.  CUMUPOSTi,t-1, as expected in H6, is negatively correlated with 

the dependent variable (DAILYPOSTit).  Users have less incentive to spend time to post 

reviews if previous reviews already provide enough information.  An alternative 

interpretation is due to the self-selection effect.  Users who are most likely to post will 

contribute their reviews immediately after they watch the movie, while later users may 

just tend to browse the reviews with much less incentive to post. 

 Table 2.9 presents results of estimating equations (2.2.) and (2.3.).  The 

significance of the coefficients remains the same compared with those in Table 2.8.  Even 

though the coefficient of DAILYRATINGi,t-1 (0.067) is much smaller than that of 

CUMURATINGi,t-1 (0.18), it is not statistically significant.  Cumulative user rating and 

daily user rating do carry different information based on our analysis, but neither of them 

shows significant influence on box office performance.  

 The fact that neither DAILYRATINGi,t-1 nor CUMURATINGi,t-1 has a significant 

relationship with box office revenues indicates that review rating itself may not play an 

essential role in influencing consumers’ movie-going behavior.  People often believe that 

bad review grades would drive down sales and good reviews would increase sales.  

However, our results indicate that online review ratings do not significantly influence box 

office revenues after controlling for the inherent movie heterogeneity.  To put it 
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differently, movies box office sales are not influenced by time-series variation in user 

ratings, which suggests that consumers do not blindly follow the ratings posted by other 

users.  Instead, they are more likely to read the review and make an independent 

judgment about the true quality of the movie.  However, we find that the number of 

reviews plays an important role in influencing sales.  There are two plausible 

explanations for this finding.  First, increases in the number of reviews provide more 

information about the movie, thus attracting more users to the theatre.  This information 

effect, however, shall diminish quickly with the number of reviews posted.  Given that 

YM has more than 1000 online reviews for most movies, we believe the average 

information effect shall be quite small.  Second, posting reviews online ultimately reflects 

a user’s incentive to discuss the movie with other users.  As such, the number of online 

reviews reflects the underlying word-of-mouth interests.  The online user reviews 

collected in our data represent a snapshot of the overall word-of-mouth spread around.  

The strong relationship between the number of online user reviews and box office sales 

suggests that movie sales are significantly driven by the overall word-of-mouth effect.  

 There are some major changes in the significance of variables if we compare 

3SLS with OLS.  In particular, CUMURATINGi,t-1 is a significant predictor in OLS 

estimation (Table 2.8).  This might explain why some of the previous research found that 

online rating is a significant influencer for product sales.  Simple OLS regression does 

not correctly characterize the impact of online user ratings given the correlation between 

the error term and the endogenous variable.  In our specific setting, the effect of 

CUMURATINGi,t-1 is overestimated in OLS given the endogeneity of DAILYPOSTit.  We 

also noticed that the coefficient of DAILYPOSTit increases from 0.01 in OLS to 0.02 in 
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3SLS, which is a noteworthy difference.  This implies that not considering the 

endogeneity of DAILYPOSTit leads to underestimation of its impact on revenues.  Other 

significant differences of coefficient include DAILYREVENUEit (5.35 in OLS to 19.19 in 

3SLS), DAILYPOSTi,t-1 (0.24 in OLS to 0.11 in 3SLS), and DAILYPOSTit (11.63 in OLS 

to -40.85 in 3SLS).  In Table 2.9, the coefficient of DAILYRATINGi,t-1 is not significant 

even in OLS estimation, and we observed other differences similar to that in Table 2.8.  

The differences of the results between 3SLS and OLS substantiate our discussion of the 

inconsistency of OLS estimation. 

2.5.2 Estimation Results for the Second Week  

 In order to capture the rapidly-changing nature of word-of-mouth communication, 

particularly on the Internet, we also estimated the two equation system using the second 

week’s data.  OLS results still showed a major divergence from 3SLS for the data of the 

second week, which we will not discuss in much detail.  Instead, our discussion will 

focus on the 3SLS estimation.  The results are shown in Tables 2.10 and 2.11. 

 For the revenue equation, the coefficients of the variables of the second week are 

similar to those of the first week, but the impact of the volume of word-of-mouth is 

stronger.  From the first to second week, the coefficient of DAILYPOSTit changes from 

around 0.02 to 0.05 in both equations (2.1.) and equation (2.3.).  This change can be 

attributed to the differences of consumer preference in the early period of a movie’s 

theoretical life cycle.  The very early consumers (in the opening week) are those with 

particular interest in the movie (e.g. fan of a particular subject, star, director, and etc.).  

Such a self-selected portion of early consumers does not have much word-of-mouth to 
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refer to and other people’s opinion does not have a very strong impact on them either.  

However, the later followers are almost entirely driven by the word-of-mouth generated.  

Li and Hitt (2004) analyzed and verified the existence of the self-selection effect in the 

early period of products’ life cycles.  Our results also indicate that such dynamics took 

place in a very short time frame with the help of the Internet, suggesting that using 

shorter time period data (e.g. daily data in this research) is more appropriate for 

investigating online word-of-mouth. 

 For the post equation, DAILYPOSTi,t-1 is no longer significant (in both Table 2.10 

and 11), which implies that the self-driving effect of word-of-mouth has dropped 

drastically in the second week.  This is also consistent with the prediction of H6 implying 

that earlier users are more enthusiastic and easily driven by other consumers’ posts.  Such 

a finding also demonstrates the very volatile nature of online word-of-mouth.  It is also 

observed that the coefficient of DAILYREVENUEit has dropped significantly (from 19.19 

in the first week to 3.92 in the second week for the CUMURATINGi,t-1 equation, and from 

19.19 to 5.97 for the DAILYRATINGi,t-1 equation), though it still does remain significant.  

This result is consistent with our discussion of the public good nature of online user 

review.  An increasingly small proportion of people who have watched the movie have 

the incentive to write reviews on the Internet given the existing number of postings. 

2.6 CONCLUSIONS 

 The objective of this research is to investigate the impact and characteristics of 

online word-of-mouth.  Our results yield interesting and important insights for both 

academic researchers and practitioners. 
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 We developed a simultaneous equation system to capture the dynamic 

relationship between online word-of-mouth and movie sales.  Our model fully specifies 

the dual causal relationship and reveals the true effect of word-of-mouth on movie sales.  

In contrast to earlier online word-of-mouth studies, we found that higher ratings do not 

lead to higher sales, but the number of posts is significantly associated with movie sales.  

These results suggest that consumers are not influenced by the ratings of online word-of-

mouth, although they are affected by the underlying process of word-of-mouth.  

Businesses shall therefore focus more on the mechanisms that facilitate consumer word-

to-mouth exchange rather than try to influence online ratings.  

 Our empirical analysis conducted in different time periods captured the fast-

changing nature of online word-of-mouth communication.  We found that word-of-mouth 

has a greater impact on movie sales in the later period but at the same time the buzz effect 

of word-of-mouth starts to diminish.  The significant differences between the time 

periods suggest the importance of employing a dynamic system in studying the effect of 

word-of-mouth in the digital environment.  As online word-of-mouth starts to establish 

an enlarging presence in people’s routine life, it is critical for firms and organizations to 

understand the effects of online word-of-mouth on their managerial decisions. 

 Our research has established a relationship between online word-of-mouth 

information and offline movie sales.  However, we did not directly observe how word-of-

mouth information would affect consumers’ choices and purchasing decisions.  One 

important and interesting extension of our research will be to investigate the consumer’s 

decision under the influence of word-of-mouth information, especially in the digital 

environment.  In addition, not all word-of-mouth is equal.  Consumers need to distinguish 
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the “true” and “honest” opinions from all kinds of feedback and recommendations on the 

web.  Under such circumstances, how consumers choose their information source and the 

mechanisms that help consumers to find trusted information sources will be of particular 

interest for future research.  Moreover, further study to characterize and identify the 

impact of the online word-of-mouth information from different resources and formats 

would also be beneficial to our understanding and design of online feedback and 

information systems.  

 The present study has several other limitations.  Our analysis is, by necessity, 

restricted to online users who choose to post reviews and post them on YM.  Thus, our 

estimates are conditioned on such a user population.  While such a restriction does not 

bias the panel estimation results, they should be interpreted as applying to a self-selected 

set of online users.  All the movies in our sample are nation-wide releases.  It would be 

interesting in future research to compare the wide and limited release movies.  

Furthermore, we have focused on only one entertainment product in this study.  While we 

believe our results are relatively generalizable, it certainly would be important to 

replicate and extend such a study to other industries.  
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CHAPTER 3 

Sequential Versus Concurrent Release – The Impact of Internet on the 

International Distribution of Motion Pictures 

ABSTRACT 

The traditional “sequential globalization” strategy is increasingly challenged with the 

emergence of digital technology, particularly, the Internet. In order to study the impact of 

Internet on the global diffusion strategy, we would investigate the impact of Internet on 

the international release of US motion pictures first as the pilot step. In this paper, I will 

survey the areas of product diffusion literature and previous academic work in the motion 

picture industry to build the knowledge of existing research frameworks. A preliminary 

empirical study of international release timing of motion pictures is then conducted. It is 

presumed that consumer demand in domestic and foreign markets will be correlated 

through the usage of Internet, thus pushing the studios and distributors shorten the time 

lag between domestic and international release. The preliminary results are presented and 

the potential research directions are also discussed in the paper.  
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3.1 INTRODUCTION 

 Digital technologies and, especially, the Internet are profoundly changing the 

globalization strategies of US business. Companies that operate in global markets 

typically launch their products in the new markets in several stages (Neelamegham and 

Chintagunta 1999). This version of globalization, termed as “sequential globalization”, is 

particularly favored by US business. With the emergence and enormous development of 

digital technology and globally networked market, the wide-accepted “sequential 

globalization” philosophy is increasingly challenged. Facilitated by the advanced global 

communication technology and transportation network, the geographical boundaries have 

blurred and, in some cases, disappeared. Consumer demands are becoming more and 

more correlated across countries. Sequential launching of new products in the oversea 

markets will delay the market entry as well as lose the first-move advantage. With US 

business’ growing dependence on foreign markets to generate revenues, such failure may 

lead to devastating loss of firm’s sale, and most importantly, the loss of competitive 

advantage in the global market.  

 How to respond to such a transformation is a question gathering tremendous 

attention. Sequential versus Concurrent globalization is a hot debating issue in today’s 

US business world. The US movie industry, among them, provides a powerful setting in 

order to investigate such issues. Motion pictures in US have been predominantly 

sequentially released. Hollywood traditionally took months or years releasing movies to 

international markets after domestic release. The underlying rationale hold by Hollywood 
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to release films at times is partly to accommodate the different paces and rhythms of life 

in other countries (Orwall and Ramstad 2000). 

 The advances in digital technology impose disruptive effect on this historically 

held sequential release strategy. In the past, Hollywood could sell its movies in domestic 

isolation, with little fear that the US marketing message would spread quickly to 

countries where the films wouldn’t be seen for months (Orwall and Ramstad 2000). 

However, through Internet or other digital transportation network, information from 

domestic market will spread very quickly to the other parts of the world. Movie fans can 

access the movie-marketing materials through web even before a film’s release in the 

local theatres. Consumers couldn’t wait another three to six months to go into theaters. 

The more information they can obtain on the web, the more reduced uncertainty of the 

movies’ content. Another incentive for movie industry to speed up the international 

distribution is to beat the pirates and other legal digital products. Foreign consumer can 

buy DVD from Amazon.com or other e-commerce sites or watch movies from broadband 

web, Internet VOD (Video on Demand), and etc. even earlier before the movie is released 

in their local markets (Zhu 2001). In addition, simultaneous release usually incurs 

tremendous costs in reproduction and shipping of expensive prints. The rise of digital 

technology in the production, distribution and exhibition of films will introduce 

substantial savings on those costs, making it possible to instantaneously distribute motion 

pictures across the globe (Elberse and Eliashberg 2003). 

 However, the risks of taking such all-at-once strategy are not trivial. Simultaneous 

release will bear the cost of higher failure rate without the initial prove in the domestic 

market. Moreover, faster distribution requires the studios to rebuild practices in areas 
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such as post-production and marketing. Early preparation of global marketing campaigns 

also requires spending more money than in the past, says Columbia’s worldwide 

marketing chief (Variety 2001).  

 Although movie industry has received increasing attention from academic 

researchers recently, there is little research has been emphasized on foreign markets, even 

fewer in the area related to the impact of the digital technology in this industry. Advances 

of digital technologies and especially, the Internet are not only having the potential to 

reduce the cost of movie-making and distribution process, but also are profoundly 

reshaping the structure of the whole industry (Zhu 2001). We are particularly interested 

in the following research questions related to the impact of digital technology on the 

international release of motion pictures.  

1. What is the impact of release timing on the financial performance of motion 

picture on the international markets? 

2. What is the effect of Internet on the international release timing of the US motion 

pictures? 

3. What is the effect of Internet on the diffusion pattern and speed of various movies 

in different countries? 

 The proposed research in the motion picture industry will be an initial stage of 

understanding the impact of the advances of information technology on US Business’s 

globalization strategy. This preliminary study in motion picture industry will serve as a 

“pilot” for related research in other industries. Furthermore, it will add to the growing 

academic literature on motion pictures. The international market accounts for over half 

the box-office revenue of the US motion picture industry and in the past decade, revenues 
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from overseas’ markets have doubled (World Trade 1996). The fast growing in this 

business area makes the needs for the foreign market research quite critical.  

 From a managerial perspective, this research will benefit decision makings by 

understanding the correlation of consumer demands between the domestic and foreign 

markets, thus helping studios and distributors in planning and finalizing their distribution 

strategies and activities.  

 This paper focuses on surveying the related research areas, aggregating theoretical 

frameworks, conduct a preliminary studies, as well as discussing potential research 

opportunities. The remainder of the paper will be organized as follows. The next section 

will be a literature review of product diffusion models and previous research in the 

motion picture areas. This is followed by an initial attempt of estimating a linear system 

with a small amount of movie data. The preliminary results will be discussed then. 

Finally, more future research directions are brought up and discussed.  

3.2 LITERATURE REVIEW  

3.2.1 New Product Diffusion Models 

 In order to address the research questions discussed above, we have to, in the first 

place, refer to the previous research of product diffusion models in the marketing area.  

 Many studies in the areas of marketing, technology forecasting, and economics 

have attempted to model the time-dependent aspects of the innovation diffusion process 

(Mahajan and Muller 1979). The underlying behavioral theory in the development of 

these models is that the innovation is first adopted by a few innovators who, in turn, 
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influence others (via word-of-mouth) to adopt it (Rogers 1995). Examples of the best-

known diffusion models in marketing are those of Bass (1969), Fourt and Woodlock 

(1960), and Mansfield (1961). The Bass model describes the diffusion process with the 

following differential equations: 

( ) ( )[ ] ( ) ( )[ ]tNmtN
m
qtNmp

dt
tdN

−+−=  or     (3.1)  

( ) ( )[ ] ( )[ ]tFtqFp
dt

tdF
−+= 1         (3.2) 

where ( )tN is the cumulative number of adopters at time t, m is the size of the potential 

adopters, p is the coefficient of innovation, q is the coefficient of imitation, and 

( ) mtNtF /)(= is the fraction of the potential adopters who adopt the innovation by time 

t. The first term in the first equation denotes the adoptions due to external communication 

channels (such as advertising) and the second term denotes adoption due to the imitation 

effect.  

 Since the original work by Bass, a number of models have been proposed to 

capture the related dynamics of the innovation diffusion process. Some attempts have 

been made to incorporate price (Robinson and Lakhani 1975; Bass 1980; Dolan and 

Jeuland 1981), advertising (Dodson Jr. and Muller 1978; Horsly and Simon 1983), 

promotion (Lilien et al. 1981), product inter-relationships (Peterson and Mahajan 1978), 

and competition  into the Bass model. Furthermore, Bretschneider and Mahajan (1980) 

and Schmittlein and Mahajan (1982) have suggested feedback estimation and maximum 

likelihood estimation procedures, respectively, to estimate the model parameters. More 
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recent developed models that incorporate both price and advertising include the 

Generalized Bass Model and Propotional – Hazard Models (Bass et al. 1994; Krishnan 

and Bass 1999). The bass model and its revised forms have been used for forecasting 

innovation diffusion in retail service, industrial technology, agricultural, educational, 

pharmaceutical, and consumer durable goods markets, and has shown considerable 

predictive power. For more detail reviews, please refer to books by Mahajan and Muller 

(Mahajan and Muller 1979; Mahajan and Muller 2000) and in articles by Mahajan and 

Muller (Mahajan et al. 1979; Mahajan and Muller 1990), and by parker (Parker 1994). 

3.2.2 Multi-market and Global Diffusion 

 Diffusion research has been very popular in the marketing literature, resulting in 

many managerially useful insights. However, most of the research has focused on one 

market, with only limited attention being paid to multiregion or international diffusion 

issues.  Because of recent economic trends and the racing of technology, which impetus 

the globalization of world markets, more firms are interested in launching products in 

multiple countries or even on a global basis. The research on cross-national diffusion 

models is gaining increased importance today. The increasing importance of global 

marketing has given rise to a spurt of research that investigates multinational diffusion 

(Gatignon et al. 1989; Takada and Jain 1991; Helsen and Jedidi 1993; Kumar et al. 1998; 

Dekimpe et al. 2000). 

 Some of the previous research models the interaction among the sales processes in 

different countries and propose the lead-lag effect (Kalish et al. 1995; Eliashberg and 

Helsen 1996). Ganesh and Kumar (Ganesh and Kumar 1996) termed this phenomenon as 
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the “learning effect” and found it to be influenced by country-specific factors. Putsis 

(Putsis et al. 1997) used a “mixing” model to empirically explore the existence of such 

interactions under the restriction that the products are introduced simultaneously.  Kalish 

et.al (1995) use diffusion models in a monopoly and a competitive game theory 

framework to analyze the sequential and simultaneous strategies and optimal conditions 

for the implementation of these two strategies are derived. Kumar and Krishnan (Kumar 

and Krishnan 2002) propose a model that can accommodate all three effects: lead-lag, 

lag-lead, and simultaneous effects. There is other research focusing on investigating how 

the diffusion speed and pattern are different in different countries (Olshavsky 1980; 

Clarke and G. Dolan 1984; Bayus 1992). A recent work by Van den Bulte (Van den Bulte 

2000) inspect changes in diffusion speed in the US over a period of 74 years using data 

on 31 electrical household durables. The main findings statistically confirm the increase 

in diffusion speed and found that economic conditions and demographic changes are 

related to diffusion speed.  

 Grounded on previous research in cross-national diffusion, we are particularly 

interested in how the Internet would affect the global diffusion process due to its 

evolutionary effect in information transportation and communication. Following the same 

stream discussed in the introduction part, we would like to investigate the diffusion of 

motion pictures internationally as the forerunner for this line of research. I will discuss 

the application of diffusion model in the movie industry in the next section as well as 

propose our research direction.  
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3.2.3 Diffusion of Motion Pictures 

 Predicting movie box-office sales and understanding the diffusion pattern have 

always been arduous task because the model traditionally used by marketers (such as bass 

diffusion model) are not directly applicable to the movie industry. There are various 

reasons for such a lack of applicability. First, the lifecycle of movies is so short that most 

movies only last no more than ten weeks at the box office. Second, sales usually peak in 

the opening week, with extremely rapid decay thereafter and the diffusion pattern is not 

consistent across movies. There are two broad diffusion patterns (Ainslie et al. 2002). 

The blockbuster type movies have an exponential –decay type sales pattern with the 

opening week constituting the largest sales. The sleeper type movies build sales gradually 

after launch. Accordingly, distributors in the motion picture industry tend to follow one 

of two generic exhibition strategies (Sawhney and Eliashberg 1996), called the “wide 

release” (or blitz) strategy (used by major studios) and the “platform release” strategy 

(employed by small independent distributors), which will substantively affect the movies’ 

diffusion pattern. Third, weekly total box office sales exhibit a highly seasonal pattern. 

Finally, it is difficult to use data gathered on past movies to predict the success of future 

movies because the movie industry is very much a “short-term contract” industry with 

high turn over where the combination of various factors such as actors, directors, 

screenwriters, studios, and etc. change all the time. Thus, the industry is intimately 

making it difficult for people to predict what is coming next.  

 With these difficulties, there is still some previous work attempting to apply 

diffusion models to the motion picture industry, though quite few. In order to reexamine 

the implicitly assuming positive effect of word-of-mouth, Mahajan et al. (1984) present a 
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model incorporating negative word-of-mouth effect. A pilot study is conducted using the 

model to predict the viewing behavior of a movie. The paper proposes an optimal 

advertising and timing policy for the introduction of products under various 

communication conditions.  

 Jones and Ritz (1991) propose a model to incorporate distribution into new 

product diffusion models based on the assumption that there are two parallel adoption 

processes occurring for any new product – one for the retailers, and the second for the 

consumers. This combined, interactive adoption process is modeled in two ways, the 

simpler one shows that initially limited retail distribution can created the typically 

observed S-shaped adoption curve, and the more complicated model is found to provide a 

good fit to combined retailer-consumer data on a large number of data sets from the 

motion picture industry. The author also compares the two processes interaction model to 

other models. It is shown that the simple linear model is always worse. The original Bass 

model is better than the proposed interactive model. The fit of the non-uniform-influence 

(NUI) model (Easingwood et al. 1983), which is a generalization of the Bass model, is 

always superior to that of the interactive and Bass models due to its flexibility. The 

authors claim that the proposed model has the decided benefits of incorporating the effect 

of distribution into the adoption model even though it does not significantly improve the 

model performance.  

 A recent work by Sawney and Eliashberg (1996) develop a parsimonious model 

(BOXMOD-I) for forecasting the gross box-office revenues of new motion pictures. They 

build the model drawing upon a queuing theory framework to conceptualize 

stochastically the consumer’s movie adoption process. In this paper, the Bass model, as 
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the benchmark, also has been estimated and shows inferior performance to the proposed 

BOXMOD-I model. The most praised work, by present for forecasting movie viewership, 

is from Neelamegham and Chintagunta (1999). They develop a Bayesian modeling 

framework that predicts first-week viewership for new movies in both domestic and 

several international markets. The proposed model provides accurate forecasts at the 

movie-country level. It is shown that the proposed Bayesian model outperforms all the 

extant models in the marketing literature that could potentially be used for making these 

forecasts. The paper also provides important insights in understanding variations in 

intercountry sales diffusion patterns and in generating managerially relevant cumulative 

box office forecasts. 

 Even though quite limited, previous work equipped us with fruitful insights and 

frameworks. In seeking the theoretical basis for our research, we have to notice that the 

diffusion pattern might be radically different for different products as well as in different 

countries. In the past several years, researchers have started to notice successful products 

whose sales patterns show rapidly declining diffusion patterns, such as certain movies, 

computer software, games, music CDs, and etc. These declining patterns have been rather 

neglected in the field of marketing because they were usually regarded as being peculiar 

to unsuccessful products (Bass 1969). Taking movies as an example, most movies will 

get the largest revenues in its opening week and decay gradually, which does not follow 

the classical diffusion pattern for durable goods. However, as suggested by 

Neelamegham and Chintagunta (1999), each movie is unique as is each country, and 

viewership results from an interaction of the product and the market. Hence, the motion 

picture industry should use both product-specific and market-specific information to 
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make new movie performance forecast. We are interested in investigate how global 

product diffusion will be affected by the modern information technology, particularly the 

Internet, and we are specifically attracted to the area of the interaction of both product 

and country specific features in the product diffusion process under such technology 

advancement. We propose to apply and extend the previous marketing framework in this 

Information Technology related context. We would like to examine the effect first in the 

motion picture industry, which has not been extensively studied before. We anticipate to 

incorporate both movie specific marketing mixed variables and country specific 

economic and cultural variables into the diffusion models to investigate how the diffusion 

pattern and speed will be influenced by the development and diffuse of the Internet 

worldwide. In particular, it is more interesting to examine the strategic transformation 

between sequential and simultaneous distribution between different countries. We believe 

our study will generate important insights for managerial people to further understand the 

unique feature for each individual movie, the consumer behavior in the unique regional 

environment, the interaction with technology, as well as to develop corresponding 

advertising and distribution strategies to optimize their benefits.  

 In the next section, I will provide a more comprehensive review of literatures of 

prior research work in the motion picture industry.  

3.2.4 Previous Research in Motion Picture Industry 

 One line of previous research is seeking to understand the determinants of motion 

pictures’ box office performance (Litman 1983; Smith and Smith 1986; Litman and Kohl 

1989; Wallace et al. 1993; Prag and Casavant 1994; Sochay 1994; Eliashberg and Shugan 
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1997; Litman and Ahn 1998; Ravid 1999; Simonoff and Sparrow 2000). The other line of 

research focuses on investigating individual consumer’s behavior of adopting a new 

motion picture, which forms the basis of forecasting either the box-office revenues or 

movie viewership (De Vany and Walls 1996; Sawhney and Eliashberg 1996; Zufryden 

1996; Neelamegham and Chintagunta 1999; Moul 2001). 

 Compared with most previous research that featured of using either the 

cumulative theatrical rentals or cumulative box office revenues as dependent variable 

(Litman 1983; Smith and Smith 1986; Litman and Kohl 1989; Wallace et al. 1993; Prag 

and Casavant 1994; Sochay 1994; Eliashberg and Shugan 1997; Litman and Ahn 1998; 

Ravid 1999), more recent research are turning their eyes to each week of movie’s run, i.e. 

taking a more dynamic perspective by using weekly box office revenues as the dependent 

variable (De Vany and Walls 1996; Zufryden 1996; De Vany and Walls 1997; De Vany 

and Walls 1999; Neelamegham and Chintagunta 1999; Elberse and Eliashberg 2003). 

Such a dynamic approach will capture the “adaptive” and “self-organizing” nature of a 

movie’s running process, thus generating better understanding as well as the forecast of 

the demand and supply.  

 In the previous efforts to study the demand and supply of motion picture industry, 

research are predominantly featured in the demand side (audience) (De Vany and Walls 

1996; Sawhney and Eliashberg 1996; Zufryden 1996; Neelamegham and Chintagunta 

1999). The exception is Jones and Ritz (1991) who incorporate the effect of distribution 

into new product diffusion models, and propose a dynamic model based on the 

assumption that consumers and retailers form two parallel adoption processes. This 

research generates important insights into the interplay between revenues and screens. A 
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more recent research by Elberse and Eliashberg (2003) develop a simultaneous equation 

model that accounts for the endogeneity and simultaneity of the behavior of both retailers 

and consumers.  

 There has also been some theoretical wok on the competitive aspect of movie 

release. Krider and Weinberg (1998) investigate film release strategies based on the 

assumption of exogeneity of the highly seasonal nature of the motion picture business 

coupled with the short life cycle of movies. Particularly, they conclude and suggest that 

current release timing decisions can be improved in terms of strong movies should 

compete head to head during peak weeks while weak movies might want to delay their 

release when facing strong competition. Einav (2003) constructs a new empirical model 

for the movie release date timing game. The estimation result suggest that release dates of 

movies are too clustered in the current US market, and more revenues could have been 

made by shifting some of the holiday release by one or two weeks.  

 To our knowledge, the intensity of previous research on foreign market (i.e. non-

US markets) is quite limited. Neelamegham and Chintagunta (1999) demonstrate a 

Bayesian modeling framework to make new product forecasts in domestic and foreign 

markets. The results show that each movie is unique in each market, and the interaction 

between the product and the market leads to the viewership of a specific movie on a 

specific market. Ravid (1999) presents two alternative explanations for the roles of stars 

in motion picture industry in the domestic and international markets. Noteworthy is a 

recent contribution by Elberse and Eliashberg (2003) who address a class of problems in 

the sequential launch of motion pictures in the domestic and foreign markets where the 

product’s availability and performance are highly correlated over time across and within 
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countries. In their paper, demand and supply processes are estimated simultaneously and 

dynamically for both domestic and foreign markets, and findings provide strong evidence 

for the importance of considering endogeneity and simultaneity issues in estimating box 

office performance.  

 The rise of digital technology and especially, the Internet are starting gather 

attention of researchers for its impact on the motion picture industry. Zufryden (2000) 

emphasizes on the impact of web-related promotion for new films. This study empirically 

tests a mathematical model for predicting a film’s box-office performance as a function 

of film website activity and other relevant determinants. The results support the 

hypothesis of website activity as a predictor of a new film’s box-office performance. It is 

noted by the author: “a well-designed film website may be an important component of a 

new film’s promotion strategy”. Zhu (2001) discusses the impact of the Internet and 

VOD technology on the movie industry. He specifically address that the digitization of 

film production and distribution will affect the overall structure of the value chain of the 

movie industry.  

 With the increasing interest of understanding the impact of information 

technology on the motion picture industry and the lack of relevant research, the objective 

of this research is to assess the impact of Internet on the distribution strategy of the 

international release of US motion pictures.  

 There are two particularly interested issues that have not been addressed in 

previous work, which I specifically would like to discuss in the following section.  
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3.2.5 Endogeneity of Release Time Lag between Domestic and Foreign Markets 

 The release date decision is one of the main strategic vehicles in the competition 

between movie’s distributors. Previous research on the impact of timing is quite limited 

and the existing evidence is controversial (Ganesh and Kumar, 1996; and Elberse & 

Eliashberg 2003). Eventhough there is some research investigating the release timing 

issues in the domestic market (Einav 2001; Einav 2003), the related work on the 

international market is almost empty. Simultaneous versus sequential release is a much-

debated issue in the motion picture industry, even hotter now with the advances of the 

digital technology (Variety 2001). The major studios have occasionally released film all-

at-once in the past, with big products and super stars. But the previous exception is 

turning into the rule today (Orwall and Ramstad 2000). Release timing decision in the 

international markets is conceived as a critical element in the emergence and 

development of “success-breeds-success” trends on both the supply and demand side in 

the market. The information in the domestic market needs sometime to reach the foreign 

markets and build up the ‘buzz’, but further increases in lag time may loose the 

connection between performances on both markets and lead to a lower level recognition 

of that movie in the foreign market, and therefore a lower level of viewership. Existing 

evidence from motion picture industry only test for the monotonic effects of time lag and 

confirms the previous view. Friedman (1992) noted that the impact of an US movie can 

generate huge revenues overseas, and the motion pictures were opening overseas earlier 

than previously to take advantage of the wide reach of American publicity. Elberse & 

Eliashberg (2003) showed that the time lag moderates the performance between US and 

foreign markets, and the effect is displayed mostly in the supply side (allocation of 
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screens). In their study, the issue of endogeneity of the time lag has been touched on, but 

not been paid much attention due to the small portion explained variance of the variable.  

 We tend to specifically address the endogeneity nature of the time lag between 

domestic and foreign release in our study. In addition to its moderating effect between the 

domestic and foreign markets, we are also interested in the determinants of driving such a 

decision since release date is always considered a critical decision in the distribution 

stage. 

3.2.6 The Net – Big Megaphone for “Word of Mouth” 

 Given the apparent role of “word-of-mouth” (WOM) effects, the existing 

empirical evidence is controversial (De Vany and Walls 1996; Neekamegham and 

Chintagunta 1999; Elberse and Eliashberg 2003). The underlying assumption of the 

impact is that positive word-of-mouth gives staying power to a movie, thus continually 

appeal to audience and exhibitors. Neekamegham and Chintagunta (1999) fail to show 

significance of WOM on the weekly revenue, and they attribute the failure to the 

shortcomings of the measures. Elberse and Eliashberg (2003) demonstrate the 

significance of WOM as a predictor for both supply (weekly revenue) and demand 

(allocation of screens) in the US market, but finds mixing results in the foreign markets.  

 The rise of web makes the effect of WOM more significantly. Over the past two 

years, almost every studio and film distributor has utilized the Web as a critical 

marketing medium (Fattah 2001). The Web is a medium of reaching audience directly 

and getting them talk about its movies with each other with tremendous efficiency and 

flexibility regardless of demographic boundaries. The movie sites are not afterthoughts 
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any more; in fact, most studios are launching sites earlier before each movie’s release to 

get the “buzz” building and spreading (Fattah 2001). Indeed, it is proved that some 

movies can survive on word of mouth alone and make the box office sales surged with 

the help of Web (Variety 2001; Fattah 2001). “What the Internet is promulgates is the 

quality of the product, if it is good, the Net helps. If it’s not, it could really hurt,” noted 

by Dave Holtzma, CEO of Opinion. Thus, we are arguing that the Internet is getting the 

supply and demand of the domestic and foreign markets highly correlated, which in turn 

affects the release timing decision and the resulting revenues. In our preliminary study, 

we will conceive Internet as an important determinant for motion picture international 

release timing decision.  

3.3 EMPIRICAL MODEL SPECIFICATION  

 As the very beginning of this series of research, a two-equation model is proposed 

as follows to address the motion picture release timing issues. We focus on the opening 

week’s box-office performance since we believe that the effect of release time tag has the 

most important impact on foreign markets supply and demand on the opening week. 

11210 )log()_log()log( εααα +++= XLAGTIMEREVENUES    (3.3) 

213210 )log()_log( εγγγ +++= DXLAGTIME       (3.4)  

 Equation (1) expresses the opening week box office revenues in the foreign 

markets. Here Revenues stands for the box office revenues for a specific movie, Screens 

the number of screens allocated to a specific movie in the opening week, X1 a vector of 

other predictors including domestic performance (here the US performance denoted as 

US_OPEN), STAR, RATING, BUDGET, TIME_LAG, and INTERNET. 
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 Equation (2) expresses the release time lag between US and foreign markets. We 

incorporate variable INTERNET in this equation as a determinant. X3 denotes vector of 

other predictors US_OPEN, BUDGET, STARS, RATING, and INTERNET. D1 denotes 

distributor (DIST_MAJ) dummy variables.  

3.3.1 Discussion of the Model 

 In this model, we are particularly interested in the drivers of the release timing 

decision in foreign markets. Those two equations are intrinsically correlates with each 

other, which should be estimated together.  Previous research also shows supporting 

evidence that time lag is a significant predictor for revenues (Elberse and Eliashberg 

2003). Taking the putative endogeneity characteristic of time lag, a simultaneous 

estimation of this two-equation model may lead to better estimation results.  

 The model will be tested only in foreign markets since the objective of this 

preliminary study is to understand the underlying rationale for the shift of sequential 

release to simultaneous release with the advances of digital technology, particularly in 

this study, the Internet.  

 We follow the tradition to employ a log-linear formulation based on previous 

empirical research (Zufryden 1996, Zufryden 2000, and Elberse and Eliashberg 2003). It 

is noted that a log-linear regression model was able to characterize the box-office 

performance patterns, and the model was shown to conform well to the typical movie 

life-cycle curve pattern. Other advantages of using log-linear form are its easiness to be 

estimated by means of standard analysis methods, the estimated coefficients directly 
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reflect the elasticity, and its power to reduce the heteroskedasticity problem, which makes 

the estimation and hypothesis test more robust (Greene 2000). 

3.3.2 Discussion of the Predictor Variables and Hypotheses 

3.3.2.1 Budget 

 Previous research found consistent evidence for a positive association between a 

movie’s budgets and its box-office performance (Litman 1983; Litman and Kohl 1989; 

Wallace et al 1993; Prag and Casavant 1994; Sochay 1994; Zufryden 2000; Elberse and 

Eliashberg 2003). Here, we hypothesize that there is a positive relationship between 

budgets and the number of screens allocated in the opening week, which in turn 

mediating the relationship between budgets and the movie’s opening week box office 

revenue.  

 With the lack of knowledge of determinants of the time lag between releases, we 

hypothesize that the movie budgets will negatively associated with the time lag. Major 

Hollywood studios have occasionally release big budgets movies simultaneously 

worldwide to generate global ‘hit’ for the box office (Orwall and Ramstad 2000). Big 

budget movies are shooting for huge revenue count in both domestic and international 

markets. With the Internet emerging as strategic channel for building and cultivating 

buzz, we expect shorter release time lag or even simultaneous release over domestic and 

foreign markets for big budget movies.  
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3.3.2.2 Star and Director Power 

 Previous empirical results of the relationship between stars and movie 

performance are contradictory. Some studies show significant positive relationship 

between stars and revenues (Litman and Kohl 1989; Wallace et al 1993; Prag and 

Casavant 1994; Sochay 1994; Sawney and Elisashberg 1996; Neelamegham and 

Chintagunta 1999; Elberse and Eliashberg 2003), whereas other studies do not show 

supportive evidence (Litman 1983; Litman and Ahn 1998; De Vany and Walls 1999; 

Ravid 1999). In line with the dominant view in the industry that certain stars are able to 

generate more admission counts than others, we hypothesize positive relationship 

between star power and opening week revenues and number of screens allocated. The 

same arguments also hold true for the high file directors, even though previous research 

fail to show the importance (Litman 1983; Litman and Kohl 1989; Sochay 1994, Litman 

and Ahn 1998).  

3.3.2.3 Distributor Characteristics  

 Previous studies about the impact of distributor on the box office performance 

focus on exploring whether the involvement of a major distributor has significant 

difference, and the results are also contradictory (Litman 1983; Litman and Kohl 1989; 

Sochay 1994; Litman and Ahn 1998; Elberse and Eliashberg 2003). Industry experts note 

that the power and financial muscle of major studios boosts viewership of movies 

distributed in the domestic market (Ornstein 1998). Neelamegham and Chintagunta 

(1999) find the reverse holds for the international markets, and they claim that local 
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distributors may ensure increased viewership in their own markets by providing greater 

attention and support.  

 Hollywood’s major studios are responding to the Internet much quicker than 

independent distributors. They are rushing toward all-at-once global distribution for 

many films (WSJ 2000). Recognizing the fact that the industry is dominated by the major 

studios that have integrated production and distribution (Einav 2001), major distributors 

are more powerful to handle the risk of higher failure rate by pursuing concurrent release 

strategy. We hypothesize here that movies distributed by major distributors have shorter 

release time lag between domestic and foreign markets.  

3.3.2.4 Ratings 

 A movie’s ratings have been found to affect its financial performance even 

though the results are not conclusive (Litman 1983; Prag and Casavant 1994; Sawhney 

and Eliashberg 1996; and De Silva 1998). We hypothesize here that the genre and ratings 

are positively associated with the opening week revenue and the number of screens 

allocated to the movie. We also incorporate these two predictors into the time lag 

equation due to the exploring nature of this dependent variable.  

3.3.2.5 US Performance  

 In case of a sequential release, the domestic market can act as a quality filter, 

which reflects the demand intensity of a specific movie, and therefore provide the 

guidance for foreign releases. Elberse and Eliashberg (2003) showed significance of US 

performance to predict the demand and supply in other countries. We incorporate this 
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variable in all three equations. It is hypothesized that better domestic performance will 

induce allocation of more screen spaces and expects better financial performance for 

foreign market. Also, better domestic performance will push the studio/distributors 

release the movies overseas earlier to meet the increasing demand.  

3.3.2.6 Revenues, Screens, and Time_Lag 

 Research to date has consistently suggested that the number of screens allocated 

to a movie is a key determinant of movie viewership in both US and international 

markets (Jones and Ritz 1991, Neelamegham and Chintagunta 1999, and Elberse and 

Eliashberg 2003). Specifically, we hypothesize that the number of screens allocate to a 

movie in the opening week will positively associated with its revenue in that week.  

 Elberse and Eliashberg (2003) moderate the relationship between US and foreign 

box office performance. According to the author, the fact that the effect is more 

pronounced for exhibitors (screens) could be related to the availability of information on 

a movie’s domestic market performance. With the help of the Web, foreign moviegoers 

can access the information of a movie’s domestic performance almost instantly. We 

hypothesize that time lag are significant predictor for revenues in this study. We do not 

include the interaction term of time lag and US performance since we are particularly 

interested in the effect of time lag itself.  

3.3.2.7 the Internet 

 We hypothesize that the level of Internet usage influences the time lag between 

the domestic and international release. Several possible explanations underlie this 
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hypothesis. Studios have embraced Web promotion as a major player in their marketing 

strategies. By building a right websites, a movie can be promoted directly and efficiently 

to the audience worldwide, getting a viral effect going to spread the word (Fattah 2001). 

It will significantly compromise such “viral” effect if holding the movie for another three 

to six months. As long as a movie is starting its promotion in US, marketing message can 

be spread very quickly to other countries, and various sites and forums can serve as a 

worldwide information center for moviegoers. The association of the consumer demands 

globally requires the releasing of a movie overseas more concurrently.  Moreover, other 

digital technologies like DVD, Web Video on demand, pirated copies and online 

shopping will make the movie product flow instantly worldwide as long as it is released 

in the domestic market, therefore forcing the studios/distributors release movies in other 

countries as early as possible to prevent the loss of sales.   

3.4. DATA, MEASUREMENT, AND PRELIMINARY RESULTS  

3.4.1 Data 

 Totally 156 movies were included in our sample based on the criteria that the 

movie is produced in US, released broadly in US from 01/01/2001 to 12/31/2001, the 

language is English, and the report for its US production budget and gross box office 

revenue are available. The US here is also referred to as the domestic market. As far as 

International market is concerned, our focus is on three “foreign” countries: UK, 

Germany, and Spain. They are traditionally ranked highest in terms of annual movie 
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admission in Europe (EAO, 2001). Among the 156 movies, 120 were released in UK, 118 

were released in Germany, and 128 were released in Spain. 

 Our data come from a number of different resources. The US opening week 

revenues as well as other movie attributes including production budget, MPAA rating, 

and star names are collected from the International Movie Database (IMDB) 

(http://www.IMDBpro.com). The release dates of each movie in different countries are 

also obtained from IMDB. For each of the three foreign countries where each movie was 

released, the opening week box office revenue, number of screens allocated, and the 

distributor characteristics are obtained from Variety online database 

(http://www.variety.com). To construct the measure of the potential impact of the stars in 

various movies, we utilize data obtained from the 2002 Star Power Study in the 

Hollywood Reporter (http://www.hollywoodreporter.com).  

3.4.2 Variable Measurement 

 We describe the variables and their measurement in this section. Please refer to 

Table 3.1 for a more detailed overview.  

 The dependent variable (REVENUES) in the first equation is the opening week 

box office revenue for each movie released in each country. The dependent variable in 

the second equation (TIME_LAG) concerns the time lag between the domestic and 

foreign releases, measured by the number of days between a movie’s release in the US 

and the foreign markets under consideration.  

 As to the independent variables, variable BUDGET captures the production 

budget for each movie. The standard MPAA rating for each movie is captured by an 
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interval scale (RATING) (G = 1, PG = 2, PG-13 = 3, R = 4). The potential impact of the 

stars (STAR) in various films is measured based on the 2002 Star Power Index in 

Hollywood Reporter. We assign each movie a score based on its highest scored star. The 

performance of a movie in the domestic market (US) is approximated by the opening 

week box office revenue in the US market (US_OPEN).  

 We introduce a dummy variable (DIST_MAJ) to indicate whether a movie is 

distributed by a major distributor. Since a movie’s distribution rights may different in US 

and foreign countries, we code this variable for each country separately. Also for each 

foreign country, variable SCREENS stands for the number of screens assigned to a movie 

in the opening week.  

 In order to measure the potential impact of the Internet, we utilized data obtained 

from IMDB database. For each movie, IMDB track the number of visitors from foreign 

countries. We normalize this accumulative number by the Internet penetration rate of 

each country (Table 3.2). The derived value for each movie is again normalized by its 

domestic performance (US_OPEN), generating the approximation of the variable 

INTERNET. We perform the second normalization considering the effect that better US 

performance may stimulate the users to visit the movie on line.  

3.4.3 Preliminary Results 

 We collect movie release date data for ten years (1991-2001) from the above 

foreign countries. The number of movies released to those foreign countries from US is 

significantly increased after 1993-1994. The average number of release lags between the 

domestic and foreign market is significantly dropped after 1998-1999. Even though the 



 83

pattern is not very similar for each country, we can see the gradually decreased release 

lag trend in the data of recent years. These general results give us initial conformation of 

the potential effect of Internet on speedup the international release steps. 

 In order to compare the results, we estimated the models using both OLS and 2-

stage least squares (2SLS). The estimates are presented in Table 3.3, 3.4, and 3.5 for each 

of the foreign markets.  

 The first equation, with Log (REVENUES) as dependent variable, has pretty good 

model fit (with adj. R2 from .72 in Germany to .91 in Spain). Several variables are found 

to be significant predictors of opening week revenues. In line with previous research, 

SCREENS is highly significant in all three foreign markets. Variable INTERNET also 

arises as a key predictor in all three countries, indicating the significance of Internet 

usage in boosting the box office revenue in these foreign markets. As hypothesized, the 

domestic market performance (US_OPEN) is a significant variable in predicting the 

success of the film in the foreign market. Other movie attributes still do not have clear 

picture regarding their prediction power of box office success. Movie’s genre (RATING) 

is found significant only in UK with positive coefficient. The presence of star (STAR) 

does not increase the model fit significantly in all three countries (only marginal 

significance in UK, but with negative sign). We do not find production budget of the 

movie (BUDGET) play any significant role in predicting revenue from our data set in the 

three foreign markets.  

 The effect of time lag (TIME_LAG) between domestic and foreign release are 

found significant in UK and Germany with negative coefficient, indicating that shorter 

time lag between the domestic and foreign release is correlated with higher box office 
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revenues. TIME_LAG is not significant in Spain putatively due to its relatively lower 

Internet penetration rate (See Table 3.2). This variable loses its significance for UK and 

Germany in the 2SLS estimates, demonstrating the endogeneity nature of this variable.  

 As far as the second equation in the model is concerned, with LOG (TIME_LAG) 

as dependent variable, the model fit is reasonable (with adj. R2 from .21 in Germany to 

.36 in UK). Even though the exogenous variables do not explain very significant portion 

of the dependent variable, there are several insights emerge from the results. INTERNET 

is a highly significant predictor in all three countries and the coefficient is negative. Thus, 

we have fairly strong evidence to support the hypothesis that the more the Internet is used 

by the consumer, the earlier the studios will arrange the foreign release schedule. Movie’s 

domestic performance (US_OPEN) is also found significantly correlated with time lag 

with negative relationship. This in line with our analysis that big hit movies in US are 

also potential “winner” in foreign markets and should be released earlier to meet the 

consumer’s eager demand inspired by the “buzz” generated on the Internet. Other 

exogenous variables’ effect is not consistent in the three countries. BUDGET has 

significant negative effect in UK and is marginal significant in Spain. Distributor 

attributes (DIST_MAJ) is a significant predictor only in UK. STAR has marginal effect in 

Germany, but not in our expected negative relationship. We do not find significant 

relationship between movie’s genre (RATING) and the release time lag. 

3.4.4 Discussion of the Results and Limitations 

 The major limitations of this preliminary investigation are as follows. First, we 

only collected the box office data for the opening week that can’t capture the time 
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dependent nature of the movie release process. Second, due to the data resource 

constraint, we are not able to capture all the potential predictor variables into the model 

such as GENRER, COMPETITION, WOM, CRITIC REVIEW, etc. Third, we only 

estimate the demand side in this model and do not include the supply side, which may not 

fully capture the dynamics of the market. Finally, there is a major concern of the 

measurement of the variable INTERNET. We use the cumulative number of foreign 

visitors normalized by the opening week revenue. Since this is a post measurement 

number after the release cycle of the movie, it will have a potential bias to intrinsically 

correlate with the revenue.13 We would further consider the operationalization of this 

variable in the ongoing research. 

 The current study is in its very initial stage. We would go much deeper in the 

future to incorporate a comprehensive set of variables, getting larger set of data of the 

entire movie release cycle, capture the dynamic features of the time-dependent diffusion 

processes, and go further to estimate the nonlinear diffusion models to incorporate both 

product and country specific characteristic variables as well as their interactions under 

different technological environment.  

3.5 AREAS FOR FUTURE RESEARCH  

 In addition to fully investigating the research questions and propositions discussed 

above, there are other interesting research issues I would like to discuss in this section, 

which will potentially extend and broaden this line of research in the future. 

                                                 
13 We also try to normalize the variable using the cumulative total box revenue for data in UK. The estimation results 
will be substantively changed, thus the variable is sensitive to different normalization scheme, which will be 
problematic for the statistical inference.   
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3.5.1 Multi-Channel Distribution 

 The sequential versus simultaneous distributions is not only an issue in terms of 

the cross-national movie release, but also a concern for other ancillary channels. In 

addition to the primary movie market itself, a movie is typically released through a 

sequence of channels and product forms, including pay per view, premium cable 

channels, video stores and network and local television. Although not all movies go 

through all stages, distributors’ gross revenue from home videos has exceeded that from 

theater exhibition since the late 1980s (Vogel 2001). Furthermore, for the first time this 

year, revenue from sales and rentals of DVDs has passed that from videotapes, partially 

because of the superior sound and picture quality of DVDs, but also because the discs are 

packed with features not available on video (Ahrens 2003). In today's Hollywood, box 

office revenue makes up less than a quarter of a film's total take. The largest piece of a 

movie's money pie comes from sales and rentals of its DVDs. Facing these challenges, 

the studio managers have to change their perspectives as to positioning the box office 

revenue as the major profit.  

 Previous research in the distribution channel area is built entirely on the 

assumption of sequential release along the channels. Some of the previous work focuses 

on the channel coordination and profit division between retailer and manufacturer. 

Coughlan (1985) suggest that channel integration is inversely related to substitutability of 

products under profit maximization. Other articles in this stream include Moorthy 

(Moorthy 1988) and Lal (1990), who focus on franchise contract terms. Another related 

stream of work focuses on the mechanisms for increasing channel coordination (Jeuland 

and Shugan 1983; Shugan 1985; Moorthy 1987). 
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 Some recent research in this area includes Lehmann (2000), who uses a two-

channel model to derive the optimal time to enter the second channel and then obtain a 

specific parametric solution for movie distributors regarding theater attendance and 

subsequent sales to video stores. The results suggests that profits would increase if 

movies were released to video sooner than is the current practice. Prasad, Mahajan, and 

Bronnen (1998)’s game theoretical analysis suggests that one reason for the relative 

uniform release time for videos is to avoid strategic behavior in which competing firms, 

anticipating consumer response, move up release times so that movie and video release 

times eventually becomes simultaneous.  

 With the advance of digital technology and global communication, the 

relationship between different channels is dramatically changing. Taking motion picture 

market as an example, the relationship between the rental market and the box office 

market is no longer as strong as if formerly was (Weinberg 2003). As DVDs become just 

another product sold by mass merchandisers and multilane retailers, how will distribution 

channel arrangements change? If DVD sales become the dominant revenue stream, 

should Hollywood studios optimize their marketing for the DVD market? The similar 

question also applies to the international market. Should the DVD release strategy be 

changed accordingly in the international market since it used to be lagged more than the 

theoretical release? Basically, the global marketing strategy should not only consider the 

primary movie distribution, but also the cross-channel distribution since the ancillary 

channels are becoming more and more profitable these days. We have to essentially 

correct our previous assumption taking sequential release assumption for granted, and 

reconsider the relationship among different channels.  
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 In summary, the multi-channel global distribution will embrace a number of 

intriguing research questions as reviewed above along the stream of our discussion of 

global distribution strategies in this paper.  

3.5.2 Online Movie Selling and Price Discrimination 

 The movie industry has not been traditionally perceived as a high-tech business. 

However, digital technologies and, especially the Internet, are profoundly reshaping the 

motion picture industry. Hollywood has already felt the pressing need to go cyber with 

direct-to-consumer delivery, as Valenti (the MPAA director) said, “we have to move out 

of the theater”.  

 To the frustration of economists and marketers, but not necessarily Hollywood 

executives, “in any given movie theater, all movies are priced the same regardless of their 

success and potential and regardless of the general demand conditions.” (Orbach and 

Einav 2001) This lack of price discrimination has deep roots in the industry and may 

reflect important strategic consideration.  

 With the emergence of Internet, movie studios may bypass traditional distributors 

and deliver movies directly to end consumers. However, the digital revolution will also 

impose threatens to the studios and producers such as pirates, who can put bootleg 

versions of films on the street and the web almost immediately these days. It will not long 

before we enjoy the Napster-styled file sharing of DVDs on the Internet. Hollywood is 

eagerly searching for models for online delivery of feature films in order to maintain the 

competitive advantage in the digital world. On the Internet, movies can be distributed 

through new technologies such as broadband connection and digital file compression. 
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How to set price when distributing movies through the digital channel is not a trivial 

issue anymore. Since the product is in digital format and price can be changed anytime 

with negligible cost, the sellers (movie studios or producers) are assumed to be able to 

charge the price dynamically based on consumer demand. In addition, the flexibility of 

technology will also allow seller to provide movies with various quality and format such 

as fragmented parts, short synopsis, back stage tidbits, downloadable version, streaming 

version, flexible time frame accessible version, etc. The seller could charge different 

price for different format, quality, and accessibility to maximize their profits. In 

summary, there appear to be a number of intriguing research questions to be studied in 

the areas of digital product line pricing in the movie selling.  
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APPENDICES 

Appendix for Chapter 1 

 

Figure 1.1 Popularity of sort options on Download.com listing pages 
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Adapted from Download.com report 

 

 

 

Table 1.1 Summary of the Software Categories 

Software Category Daily Number of Software 

Adware & Spyware Removal 90 – 96 
Browsers 116 – 121 
Download Manager 116 – 123 
File Compress 62 – 66 
File Sharing 122 – 130 
Internet Chat 263 – 274 
Media Players 164 – 181 
MP3 Search Tools 119 – 123 
Note: number of software is based on data from January 2005 to March 2005 
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Table 1.2 Variables, Descriptions, and Measures 

Variable Description and Measure 
DAILYSHAREit (Sit) Daily download market share of software i in day t 
TOTALDOWNLOADit, Total number of downloads of software i in day t (in millions) 
USERRATINGit Average user ratings for software i in day t (one to five scale) 
USERRATINGDit A dummy variable measures if software i has user rating in day t 
AGEit Number of days that software i has been listed up to day t 
POPDit A dummy variable measures if software i is labeled as popular  
NEWDit A dummy variable measures if software i is labeled as new 
VOTESit Total number of user reviews for software i up to day t 
NUMSOFTWAREt Number of software uploaded in a specific category in day t 
CNETRATINGi CNET rating for software i (one to five scale)  
CNETRATINGDi A dummy variable measures if software i has CNET rating in day t 

LIMITATIONDi 
A dummy variable measures if there are limitations specified by CNET for 
software i 

LICENSEDi 
A dummy variable measures if the license of the software i is free or free 
to try 

OPSDi A dummy variable measures if software i fits in all operating systems 
FILESIZEi The file size of software i (in kilobyte) 
Pricei The purchase price of software i if license is free to try  

 

 

 

Table 1.3 Distribution of the Most    
               Popular Software Categories 

Most Popular Software 
Category Count 

MP3 Search Tools 11 
Adware & Spyware 

Removal 10 
Internet Chat 8 
Media Players 5 

Browsers 5 
File Sharing 4 

Antivirus 4 
System Utilities 3 

Others 33 
Total 83 
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Figure 1.2 Two-Level Nested Logit Tree for Software Choice  

 
 

 

Table 1.4 Distributions of the CNET and User Ratings 
               of Most Popular Software Programs 

Frequency 
Rating User Rating Count 

Total Sample 
CNET Rating 

Count 
User Rating Count 

With no CNET Rating 
1-2 5 (6%) 2 (3%) 1 (5%) 
2-3 7 (8%) 7 (12%) 3 (14%) 
3-4 38 (46%) 25 (41%) 12 (55%) 
4-5 33 (40%) 27 (44%) 6 (26%) 

Total 83 61* 22 
*There are 22 software that has not been reviewed by CNET 

Popular Unpopular

New Not New New Not New 
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Table 1.5 Descriptive Statistics – Mp3 Search Tools 

Variable N Mean S. D. Min. Max. 
DAILYSHARE 2,277 0.01 0.04 0.00 0.38 
TOTALDOWNLOAD (M) 2,376 3.31 15.87 0.0009 130.08 
LASTWEEKDOWNLOAD (M) 2,376 0.02 0.07 0.00001 0.64 
DAYS 2,376 349.61 305.90 6.00 1,491.00 
CNETRATING 288 3.42 0.64 2.00 4.00 
USERRATING 2,291 2.91 1.22 1.00 5.00 
VOTES 2,291 104.47 243.71 1.00 2,131.00 
POPD 2,376 0.25 0.43 0.00 1.00 
NEWD 2,376 0.03 0.16 0.00 1.00 
NUMSOFTWARE 2,376 119.96 0.61 118.00 121.00 

 

 

 

Table 1.6 Descriptive Statistics – Internet Chat 

Variable N Mean S. D. Min. Max. 
DAILYSHARE 5,566 0.004 0.03 0.00 0.61 
TOTALDOWNLOAD (M) 5,808 1.78 16.76 0.0002 251.79 
LASTWEEKDOWNLOAD (M) 5,808 0.005 0.04 0.00 0.62 
DAYS 5,808 570.25 409.88 2.00 1,506.00 
CNETRATING 335 3.86 0.84 3.00 5.00 
USERRATING 5,160 3.68 1.31 1.00 5.00 
VOTES 5,160 63.55 475.83 1.00 6,757.00 
POPD 5,808 0.11 0.31 0.00 1.00 
NEWD 5,808 0.005 0.07 0.00 1.00 
NUMSOFTWARE 5,808 266.67 2.48 262.00 270.00 
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Table 1.7 Correlation Matrix of the Key Variables – Mp3 Search Tools 

Variable 1 2 3 4 5 6 7 
1 LOG (Sit)  1.00       
2 TOTALDOWNLOAD (M)  0.46  1.00      
3 LASTWEEKDOWNLOAD (M)  0.58  0.50  1.00     
4 DAYS -0.39 -0.15 -0.14  1.00    
5 CNETRATING  0.39  0.18  0.13 -0.36  1.00   
6 USERRATING -0.06 -0.06  0.03  0.08  0.57  1.00  
7 NUMSOFTWARE  0.03 -0.0008 -0.03 -0.03  0.0001 -0.005  1.00 

 

 

 

Table 1.8 Correlation Matrix of the Key Variables – Internet Chat 

Variable 1 2 3 4 5 6 7 
1 LOG (Sit)  1.00       
2 TOTALDOWNLOAD (M)  0.25  1.00      
3 LASTWEEKDOWNLOAD (M)  0.34  0.48  1.00     
4 DAYS -0.19 -0.01 -0.09  1.00    
5 CNETRATING  0.39  0.15  0.50 -0.30  1.00   
6 USERRATING -0.09 -0.03 -0.02 -0.03  0.14  1.00  
7 NUMSOFTWARE  0.11  0.0001  0.0009 -0.008  0.001  0.004  1.00 
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Table 1.9 Fixed Effects Estimation Results 

 
Total  

Download Effect 
Last Week 

Download Effect 
 

Complete Model 

Variable 
MP3 
(1a) 

CHAT 
(1b) 

MP3 
(2a) 

CHAT 
(2b) 

MP3 
(3a) 

CHAT 
(3b) 

log(Si|n|p)t 

 

0.287*** 
(0.005) 

0.633*** 
(0.002) 

0.286*** 
(0.005) 

0.637*** 
(0.002) 

0.286*** 
(0.005) 

0.637*** 
(0.002) 

log(Sn|p)t 0.457*** 
(0.062) 

0.680*** 
(0.106) 

0.446*** 
(0.061) 

0.696*** 
(0.105) 

0.446*** 
(0.061) 

0.724*** 
(0.106) 

TOTALDOWNLOADi,t-1 0.162*** 
(0.048) 

0.142** 
(0.047) 

------------ 
 

------------ 
 

0.145 
(0.120) 

0.124** 
(0.061) 

LASTWEEKDOWNLOADit ------------ 
 

------------ 
 

1.282*** 
(0.196) 

0.771** 
(0.410) 

1.092*** 
(0.253) 

0.667* 
(0.500) 

AGEit -0.011*** 
(0.001) 

-0.003*** 
(0.0005) 

-0.011*** 
(0.001) 

-0.003*** 
(0.0006) 

-0.011*** 
(0.001) 

-0.003*** 
(0.0006) 

AGESQit 5.85e-06*** 
(9.16e-07) 

1.02e-06*** 
(3.69e-07) 

5.95e-
06*** 
(9.02e-07) 

1.06e-06*** 
(3.68e-07) 

5.96e-06*** 
(9.14e-07) 

1.14e-06*** 
(3.68e-07) 

USERRATINGi,t-1 0.003 
(0.023) 

0.00002 
(0.018) 

-0.001 
(0.022) 

-0.004 
(0.018) 

-0.002 
(0.022) 

0.0003 
(0.018) 

POPDit 0.499*** 
(0.042) 

0.953*** 
(0.391) 

0.495*** 
(0.042) 

0.957*** 
(0.031) 

0.496*** 
(0.042) 

0.957*** 
(0.031) 

NEWDit 0.344*** 
(0.079) 

0.106 
(0.177) 

0.332*** 
(0.079) 

0.138 
(0.174) 

0.332*** 
(0.079) 

0.187 
(0.174) 

NUMSOFTWAREit 0.022 
(0.06) 

-0.002 
(0.001) 

0.021 
(0.06) 

-0.002* 
(0.001) 

0.021 
(0.06) 

-0.002* 
(0.001) 

TOTAL_AGE ------------ 
 

------------ 
 

------------ 
 

------------ 
 

-0.00006 
(0.00005) 

-0.0001*** 
(0.00002) 

LASTWEEK_AGE ------------ 
 

------------ 
 

------------ 
 

------------ 
 

-0.006*** 
(0.001) 

-0.005* 
(0.004) 

 
N = 2198 
R2 = 0.33 

N = 4946 
R2 = 0.56 

N = 2198 
R2 = 0.39 

N = 4946 
R2 = 0.62 

N = 2198 
R2 = 0.40 

N = 4946 
R2 = 0.62 

*** p<.01 ** p<.05  * p<.10   
Note: Time dummies (for each day) and software dummies (fixed effects for each software) used in estimating the 
model are not reported. 
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Table 1.10 Weighted Fixed Effects Estimation Results  

Variable MP3 CHAT 
log(Si|n|p)t 0.445*** 

(0.005) 
0.715** 
(0.002) 

log(Sn|p)t 0.607*** 
(0.084) 

0.828*** 
(0.127) 

TOTALDOWNLOADi,t-1 -0.100 
(0.10) 

0.097** 
(0.042) 

LASTWEEKDOWNLOADit 1.371*** 
(0.202) 

0.604* 
(0.363) 

AGEit -0.011*** 
(0.001) 

-0.004*** 
(0.0009) 

AGESQit 6.71e-06*** 
(1.03e-06) 

2.36e-06*** 
(4.60e-07) 

USERRATINGi,t-1 0.024 
(0.052) 

-0.005 
(0.038) 

POPDit 0.786*** 
(0.055) 

1.07*** 
(0.039) 

NEWDit 0.274* 
(0.164) 

0.161 
(0.162) 

NUMSOFTWAREit 0.020 
(0.007) 

-0.003** 
(0.001) 

TOTAL_AGE 0.00003 
(0.00004) 

-0.0001*** 
(0.00001) 

LASTWEEK_AGE -0.006*** 
(0.001) 

-0.006* 
(0.004) 

 
N = 2198 
R2 = 0.38 

N = 4946 
R2 = 0.62 

*** p<.01 ** p<.05  * p<.10   
Note: Weight is the number of user reviews (VOTES)  
Time dummies (for each day) and software dummies (fixed effects for each software) 
used in estimating the model are not reported. 
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Table 1.11 Fixed Effects Estimation with AR(1) Disturbances 

Variable MP3 CHAT 
log(Si|n|p)t 0.286*** 

(0.005) 
0.642*** 
(0.002) 

log(Sn|p)t 0.412*** 
(0.084) 

0.887*** 
(0.296) 

TOTALDOWNLOADi,t-1 0.157 
(0.131) 

0.145** 
(0.071) 

LASTWEEKDOWNLOADit 0.999*** 
(0.278) 

0.656* 
(0.505) 

AGEit -0.011*** 
(0.001) 

-0.003*** 
(0.0008) 

AGESQit 6.14e-06*** 
(1.06e-06) 

1.34e-06*** 
(4.87e-07) 

USERRATINGi,t-1 0.007 
(0.029) 

-0.007 
(0.022) 

POPDit 0.503*** 
(0.046) 

0.956*** 
(0.040) 

NEWDit 0.296*** 
(0.111) 

0.460 
(0.523) 

NUMSOFTWAREit 0.021 
(0.06) 

-0.002* 
(0.001) 

TOTAL_AGE -0.00007 
(0.00006) 

-0.0001*** 
(0.00002) 

LASTWEEK_AGE -0.006*** 
(0.001) 

-0.005* 
(0.004) 

 
N = 2101 
R2 = 0.40 

N = 4730 
R2 = 0.68 

*** p<.01 ** p<.05  * p<.10   
Note: Time dummies (for each day) and software dummies (fixed effects for each software) 
used in estimating the model are not reported. 
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Appendix for Chapter 2 
 
 
 
 
 
 

Table 2.1 Summary Statistics 

Variable N Mean Std. Dev. Min. Max. 

Budget (M) 64 46.06 32.17          4.00 150.00 
Est. Marketing Costs (M) 57 24.00          7.13         10.00         50.00 
US Gross (M) 71 66.16      51.21 10.39        377.03 
Total User Posts 71 1,350.24 882.80 342.00          4,562.00 
Avg. User Grade 71 8.89 1.02 6.00 11.00 
Avg. Critic Grade 71 7.46             1.75             3.00            11.00 

 
 
 
 
 

Table 2.2 Variables, Descriptions, and Measures 
Variable Description and Measure 

DAILYREVENUEit Daily revenue for movie i in day t  (in thousands, US dollars) 
DAILYREVENUEi,t-1 Daily revenue for movie i in day t-1 (in thousands, US dollars) 
CUMUPOSTit Cumulative number of reviews posted for movie i until day t 
DAILYPOSTit Number of user reviews posted for movie i in day t 
DAILYPOSTi,t-1 Number of user reviews posted for movie i in day t-1 
CUMURATING i,t-1 Cumulative average user grade for movie i until day t-1 
DAILYRATING i,t-1 Daily average user grade for movie i until day t-1 
WEEKENDit A dummy variable indicating if day t is a weekend (coded as 1 if day is 

Friday, Saturday, and Sunday, 0 otherwise) 
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Table 2.3 Week 1 Descriptive Statistics 

Variable N Mean Std. Dev. Min. Max. 

DAILYREVENUE (M) 497 3.69 4.00 0.15    34.45 
CUMURATING 497 9.69 1.32 5.85 12.20 
DAILYRATING 497 9.58 1.50 3.33 12.86 
CUMUPOST 497 435.98 392.73 3 1,958 
DAILYPOST 497 88.54 94.46 3 633 

 
 
 
 
 

Table 2.4 Week 2 Descriptive Statistics 

Variable N Mean Std. Dev. Min. Max. 

DAILYREVENUE (M) 497 2.15 2.34 0.089 19.15 
CUMURATING 497 9.59 1.35 6.37 11.78 
DAILYRATING 497 9.42 1.73 1.33 12.71 
CUMUPOST 497 794.41 564.22 77 2,575 
DAILYPOST 497 36.95 31.53 2 231 

 
 
 
 
 
 

Table 2.5 Week 1 Correlation Matrix 

Variable DAILYREVENUE CUMURATING i,t-1 DAILYRATING i,t-1 CUMUPOST i,t-1 DAILYPOST  

DAILYREVENUE 1.00 0.19 0.18 0.05 0.65 
CUMURATINGi,t-1 0.19 1.00 0.69 0.19 0.17 
DAILYRATING i,t-1 0.18 0.69 1.00 0.13 0.18 
CUMUPOST i,t-1 0.05 0.19 0.13 1.00 0.17 
DAILYPOST 0.65 0.17 0.18 0.17 1.00 

 
 
 
 

Table 2.6 Week 2 Correlation Matrix 

Variable DAILYREVENUE CUMURATING i,t-1 DAILYRATING i,t-1 CUMUPOST i,t-1 DAILYPOST  

DAILYREVENUE 1.00 0.20 0.13 0.28 0.56 
CUMURATINGi,t-1 0.20 1.00 0.61 0.26 0.21 
DAILYRATING i,t-1 0.13 0.61 1.00 0.19 0.17 
CUMUPOST i,t-1 0.28 0.26 0.19 1.00 0.57 
DAILYPOST 0.56 0.21 0.17 0.57 1.00 
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Table 2.7 Correlation Matrix of Movie Summary Variables 

 Budget  Est. Marketing 
Costs  US Gross Total User 

Review 
Avg. User 
Grade 

Avg. Critic 
Grade 

Budget 1.00       0.68      0.44      0.37        0.19          0.15 
Est. Marketing 
Costs 0.68      1.00      0.69      0.57          0.17           -0.008 

US Gross 0.44       0.69      1.00      0.68         0.41            0.36 
Total User 
Posts 0.37       0.57      0.68      1.00          0.43           0.16 

Avg. User 
Grade 0.19       0.17      0.41      0.43          1.00            0.56 

Avg. Critic 
Grade 0.15      -0.008      0.36      0.16          0.56           1.00 

 
 
 
 
 
 

Table 2.8 First (opening) Week Estimation: OLS and 3SLS (Cumulative rating) 

 OLS (Fixed effect estimation) 3SLS (Simultaneous Fixed effect estimation) 

Variable Coefficient (Std. Err.) Coefficient (Std. Err.) 

Equation1: Revenue equation with DAILYREVENUE as Dependent Variable 

DAILYREVENUEi,t-1 0.28 (.04)*** 0.21 (0.05)*** 
CUMURATINGi,t-1 0.56 (0.27)** 0.18 (0.18) 
DAILYPOSTit 0.01 (0.002)*** 0.02 (0.002)*** 
WEEKENDit 3.08 (0.32)*** 2.96 (0.29)*** 
CONSTANT -6.83 (2.78) -4.07 (2.05) 

 
 
N = 426  R2 = 0.87  N = 426   R2 = 0.89 

Equation2: Post equation with DAILYPOST as Dependent Variable 

DAILYREVENUEit 5.35 (1.42)*** 19.19 (3.21)*** 
CUMUPOSTi,t-1 -0.26 (0.03)*** -0.27 (0.04)*** 
DAILYPOSTi,t-1 0.24 (0.04)*** 0.11 (0.03)** 
WEEKENDit 11.63 (9.98) -40.85 (14.31)*** 
CONSTANT 517.68 (45.75) 454.22 (58.3) 

 
 
N = 426   R2 = 0.84 N = 426  R2 = 0.82 

 

*** p<.01 ** p<.05 *p<.10   
Note: Time dummies (for each day) and movie dummies (fixed effect for each movie) used in estimating the model are not 
reported                     
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Table 2.9 First (opening) Week Estimation: OLS and 3SLS (Daily rating) 

 OLS (Fixed effect estimation) 3SLS (Simultaneous Fixed effect estimation) 

Variable Coefficient (Std. Err.) Coefficient (Std. Err.) 

Equation1: Revenue equation with DAILYREVENUE as Dependent Variable 

DAILYREVENUEi,t-1 0.28 (.04)*** 0.20 (0.05)*** 
DAILYRATING i,t-1 0.56 (0.27)** 0.07 (0.07) 
DAILYPOSTit 0.01 (0.002)*** 0.02 (0.002)*** 
WEEKENDit 3.08 (0.32)*** 2.96 (0.29)*** 
CONSTANT -6.83 (2.78) -2.93 (0.93) 

 
 
N = 426  R2 = 0.87 N =426   R2 = 0.89 

Equation2: Post equation with DAILYPOST as Dependent Variable 

DAILYREVENUEit 5.35 (1.42)*** 19.19 (3.21)*** 
CUMUPOSTi,t-1 -0.26 (0.03)*** -0.20 (0.04)*** 
DAILYPOSTi,t-1 0.24 (0.04)*** 0.11 (0.02)*** 
WEEKENDit 11.63 (9.98) -40.85 (14.31)*** 
CONSTANT 517.68 (45.75) 454.22 (58.34) 

 
 
N = 426   R2 = 0.84 N = 426  R2 = 0.82 

 

*** p<.01 ** p<.05  * p<.10   
Note: Time dummies (for each day) and movie dummies (fixed effect for each movie) used in estimating the model are not 
reported                     
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Table 2.10 Second Week Estimation: OLS and 3SLS (Cumulative rating) 

 OLS (Fixed effect estimation) 3SLS (Simultaneous Fixed effect estimation) 

Variable Coefficient (Std. Err.) Coefficient (Std. Err.) 

Equation1: Revenue equation with DAILYREVENUE as Dependent Variable 

DAILYREVENUEi,t-1 0.31 (0.04)*** 0.22 (0.05)*** 
CUMURATINGi,t-1 2.04 (0.76)*** 0.83 (0.56) 
DAILYPOSTit 0.01 (0.003)*** 0.05 (0.01)*** 
WEEKENDit 1.58 (0.22)*** 1.44 (0.24)*** 
CONSTANT -20.97 (7.66) -10.99 (5.80) 

 
 
N  = 426   R2 = 0.86 N  = 426   R2 = 0.83 

Equation2: Post equation with DAILYPOST as Dependent Variable 

DAILYREVENUEit -0.02 (0.80) 3.92 (2.16)* 
CUMUPOSTi,t-1 -0.21 (0.03)*** -0.16 (0.03)*** 
DAILYPOSTi,t-1 0.05 (0.05) 0.05 (0.03) 
WEEKENDit 6.30 (3.58)* -2.32 (5.48) 
CONSTANT 500.3 (58.43) 389.75 (69.44) 

 
 
N  = 426   R2 = 0.79 N  = 426  R2 = 0.82 

 

*** p<.01 ** p<.05 *p<.10   
Note: Time dummies (for each day) and movie dummies (fixed effect for each movie) used in estimating the model are not 
reported                     
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Table 2.11 Second Week Estimation: OLS and 3SLS (Daily rating) 

 OLS (Fixed effect estimation) 3SLS (Simultaneous Fixed effect estimation) 

Variable Coefficient (Std. Err.) Coefficient (Std. Err.) 

Equation1: Revenue equation with DAILYREVENUE as Dependent Variable 

DAILYREVENUEi,t-1 0.31 (0.04)*** 0.19 (0.05)*** 
DAILYRATING i,t-1 0.08 (0.05)* 0.04 (0.03) 
DAILYPOSTit 0.009 (0.003)*** 0.05 (0.01)*** 
WEEKENDit 1.57 (0.22)*** 1.50 (0.25)*** 
CONSTANT -1.27 (0.67) -3.10 (0.65) 

 
 
N =426  R2 = 0.86 N  = 426  R2 = 0.83 

Equation2: Post equation with DAILYPOST as Dependent Variable 

DAILYREVENUEit -0.02 (0.80) 5.97 (2.32)** 
CUMUPOSTi,t-1 -0.21 (0.03)*** -0.13 (0.03)*** 
DAILYPOSTi,t-1 0.05 (0.05) 0.04 (0.02) 
WEEKENDit 6.30 (3.58)* -6.79 (5.84) 
CONSTANT 500.3 (58.43) 339.72 (72.94) 

 
 
N  = 426   R2 = 0.79 N  = 426  R2 = 0.80 

 
*** p<.01 ** p<.05 *p<.10   
Note: Time dummies (for each day) and movie dummies (fixed effect for each movie) used in estimating the model are not 
reported                     
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Appendix for Chapter 3 

 
Table 3.1 Variables, Descriptions, and Measures 
 

Variable Description and Measure 
REVENUES Opening week revenues of each movie in each country (in thousands, US dollars) 
TIME_LAG Time lag between domestic and foreign release (number of days between a movie’s 

release in the US and each foreign market.) 
BUDGET Production budget for each movie (in thousands, US dollars) 
RATING Interval variable, indicating the MPAA rating for each movie (G = 1, PG = 2, PG-13 

= 3, R = 4). 
STAR Star power 

• Created using the 2002 editions of the The Hollywood Reporter Star Power 
Index 

• Each movie is assigned a score according to its highest rated star 
US_OPEN Domestic market performance (the opening week box office revenue in US). 
DIST_MAJ Dummy variable, indicating whether a movie is distributed by a major distributor 

• Major distributors are Sony (Columbia/Tristar), Paramount (UIP), Warner 
Bros., Disney (Buena Vista INTL.), Twentieth Century Fox, and Universal 
(DreamWorks). 

• The variable is coded for each movie released in each foreign country. 
SCREENS Weekly number of screens assigned to each movie in each country. 
INTERNET The degree of using Internet to obtain information of movies 

• Number of users from foreign countries normalized by country’s Internet 
penetration rate and the domestic market performance. 

 
 
 
 
 
Table 3.2 Estimated Number of Internet Users worldwide 
 

Internet Estimated PCs 

 
Hosts Total 

2001 
Hosts per 

10,000 
Inhab. 

2001 

Users(k)
2001 

Users per 
10,000
Inhab.

2001 

 
Total (k) 

2001 
Per 100

Inhab.
2001 

USA 112,496,115 1,340.96 182,942.3 2,181.85  219,905 26.91 
Germany 2,426,202 294.32 30,800.0 3,736.37  31,510 38.22 

Spain 538,655 133.24 7,388.0 1,827.45  6,800 16.82 
UK 2,230,976 371.37 24,000.0 3,995.01  22,000 36.62 

Source: International Telecommunication Union (ITU) 
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Table 3.3 UK, OLS and 2SLS estimation of the models 
 

UK Equation (1), with Log (REVENUES) as dependent variable 
OLS 2SLS Variable Coefficient SE p-Value Coefficient SE p-Value 

CONSTANT -.747 1.188 .531 .439 2.454 .858 
Log (SCREENS) .851 .065 .000** .851 .066 .000** 
Log (BUDGET) -.116 .126 .362 -.163 .154 .293 
Log (STAR) -.254 .146 .085† -.211 .166 .208 
Log (RATING) -.478 .226 .037* -.500 .233 .034* 
Log (US_OPEN) .849 .105 .000** .790 .149 .000** 
Log (INTERNET) .711 .089 .000** .659 .129 .000** 
Log (TIME_LAG) -.143 .053 .008** -.238 .179 .187 

Used =114 Used =114 N = 120 R2 = .877, Adj. R2 = .869 R2 = .873, Adj. R2 = .864 
 

UK Equation (2), with  
Log (TIME_LAG) as dependent 

variable 
OLS Variable Coefficient SE p-Value 

CONSTANT 11.847 1.708 .000 
Log (BUDGET) -.495 .211 .020* 
Log (STAR) .413 .250 .102 
Log (RATING) -.01 .390 .980 
Log (US_OPEN) -.633 .143 .000** 
Log (INTERNET) -.521 .129 .000** 
Log (DIST_MAJ) .893 .276 .002** 

Used =114 N = 120 R2 = .392, Adj. R2 = .358 
 
Note: All significance levels were calculated using two-tailed tests 
 †   Statistically significant at the 10-percent level 
 *   Statistically significant at the 5-percent level 
 ** Statistically significant at the 1-percent level 
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Table 3.4 Germany, OLS and 2SLS Estimation of the Models 
 

Germany Equation (1), with Log (REVENUES) as dependent variable 
OLS 2SLS Variable Coefficient SE p-Value Coefficient SE p-Value 

CONSTANT -2.443 1.507 .108 -4.093 1.271 .0017 
Log (SCREENS) 1.133 .122 .000** 1.169 .122 .000** 
Log (BUDGET) -.009 .154 .951 .032 .155 .835 
Log (STAR) .015 .191 .937 -.049 .189 .796 
Log (RATING) .455 .305 .139 .422 .307 .173 
Log (US_OPEN) .391 .142 .007** .465 .139 .001** 
Log (INTERNET) .349 .119 .004** .411 .117 .001** 
Log (TIME_LAG) -.186 .091 .045* -5.898 -.063 .519 

Used =112 Used =114 N = 118 R2 = .747, Adj. R2 = .727 R2 = .736, Adj. R2 = .721 
 

Germany Equation (2), with Log 
(TIME_LAG) as dependent variable 

OLS Variable Coefficient SE p-Value 
CONSTANT 8.923 1.341 .000 
Log (BUDGET) -.210 .164 .202 
Log (STAR) .385 .200 .058† 

Log (RATING) .155 .319 .629 
Log (US_OPEN) -.512 .118 .000** 
Log (INTERNET) -.399 .106 .000** 
Log (DIST_MAJ) -.0288 .199 .885 

Used =112 N = 118 R2 = .254, Adj. R2 = .211 
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Table 3.5 Spain, OLS and 2SLS Estimation of the Models 
 

Spain Equation (1), with Log (REVENUES) as dependent variable 
OLS 2SLS Variable Coefficient SE p-Value Coefficient SE p-Value 

CONSTANT -4.96 .853 .000 -7.482 4.247 .081 
Log (SCREENS) 1.415 .060 .000** 1.438 .084 .000** 
Log (BUDGET) .103 .087 .240 .18 .154 .245 
Log (STAR) -.129 .104 .219 -.177 .139 .206 
Log (RATING) .191 .157 .225 .270 .229 .240 
Log (US_OPEN) .436 .063 .000** .536 .169 .002** 
Log (INTERNET) .427 .055 .000** .504 .142 .001** 
Log (TIME_LAG) .008 .044 .852 .237 .373 .526 

Used =112 Used =112 N = 128 R2 = .930, Adj. R2 = .925 R2 = .914, Adj. R2 = .908 
 

Spain Equation (2), with Log(TIME_LAG) 
as dependent variable 

OLS Variable Coefficient SE p-Value 
CONSTANT 10.994 1.566 .000 
Log (BUDGET) -.356 .189 .063† 
Log (STAR) .202 .231 .383 
Log (RATING) -.304 .344 .378 
Log (US_OPEN) -.474 .124 .000** 
Log (INTERNET) -.366 .113 .002** 
Log (DIST_MAJ) .355 .233 .131 

Used =112 N = 128 R2 = .305, Adj. R2 = .265 
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