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ABSTRACT 

 

 With a multitude of options to choose from on the Internet, consumers are faced with 

turning their attention towards domains with mass appeal versus domains that would be 

considered niche. In this niche, subcultural age where all consumers are consuming their 

personal preferences and attitudes, on what basis do audiences fragment? This is a study 

examines users and usage of the Internet, and weather that usage falls under the marketing 

law of Double Jeopardy.  



  

Introduction 

 

Why Study Audience Fragmentation 
 

Digital media technologies provide audiences unprecedented choices and allow them 

control over their media consumption. Consequently, their attention is fragmented. Given the 

multitude of options, do most users still stick with hits and popular items, or do users 

consume and stick to niche items? This thesis is an empirical study to address this rather 

broad question. To achieve this, I situate the study in two competing scenarios offered by the 

existing theories, introduced as follows. 

The first prediction is based on a well-known theory of consumer behavior called 

“Double Jeopardy”. Introduced by social scientist William McPhee in 1963, Double 

Jeopardy, is an empirically derived law in marketing according to which, barring a few 

exceptions, brands with lower market share in a market have fewer buyers who are also less 

loyal than buyers of popular brands. In other words, it challenges the highly intuitive idea of 

“small but niche” consumers.  Scholars found double jeopardy to hold for television 

audiences in the 1980s (Ehrenberg, 1990), and it persisted even when options increased.  

Many scholars believe and have demonstrated that digital media markets will also follow the 

patterns predicted by double jeopardy (Goel, 2010). We’d continue to live in a hit driven 

culture dominated by a few blockbusters (Elberse, 2013).  

There is a camp that disagrees. In 2006, Chris Anderson, the editor-in-chief of Wired 

Magazine, introduced long tail theory. Long Tail Theory proposes that due to the 

introduction of the Internet, small, niche products will take up more and more market share, 

while the demand for popular products will continue to decrease. He said the classic Pareto 
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rule (that 20% of all the products generate 80% of overall revenue) will no longer hold and 

that popular products (hits) will make up a smaller and smaller portion of demand (Anderson, 

2006). Many academics from various disciplines support Anderson’s general argument and 

show evidence of it. 

Both these competing theses speak to the larger theoretical question of audience 

fragmentation, which, simply speaking is the division of audience attention across a wide 

array of media outlets. As methods of consumption become more diverse and new niche 

media are added, fragmentation increases. Double jeopardy and long tail are essentially two 

conflicting theories about what patterns of audience fragmentation emerge in a high-choice 

media environment. In this project, I hope to resolve this conflict. 

Based on the literature, which I review in the section that follows, I hypothesize that 

the effect of double jeopardy strongly suggests that long tail theory would not apply to the 

Internet. I propose to test this hypothesis through an empirical analysis that associates user 

numbers and usage, on a the top 2000 websites in the United States, sourced from ComScore 

media Metrix. These sites command the lion’s share of all web traffic originating in the 

United States. Specifically, I operationalize popularity using Total Unique Visitors. I 

operationalize usage both at the average user level and the website aggregate level (using 

visits, page views, and time spent). I perform several pairwise correlations on the data to see 

to what extent users and usage relates to each other for all websites in the sample, as well as 

for subsamples of several categories. Additionally, I report the findings of a series of 

regression models I developed to see how popularity of each, and category simultaneously 

predict usage when controlling for month. I conclude with a discussion of my findings where 
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I reflect on the theoretical implications of the study, and also provide ideas for extending this 

analysis to a global sample of websites.  
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Literature Review 

 
 
 

Audience Fragmentation 
 

In recent years, digital media technology has provided audiences unprecedented ways 

to consume the media they want to watch. The saturated market gives consumers a multitude 

of options when choosing content. Television shows can be watched on the Internet, print 

content can be read on phones, and radio stations can be listened to over satellite and the 

Internet. Consumers are able to access content at any time in virtually any location – 

including airplanes. An observed consequence of this shift in digital media technology is 

audience fragmentation, the division of audiences into small groups due to the wide spectrum 

of media outlets. Consumers generally consume media in which they are interested. Each 

consumer has their own particular tastes and preferences – whether mainstream media, or 

more quirky and niche media. Because of this fragmentation, measuring audiences is getting 

more and more difficult across platforms. It is becoming increasingly more difficult to tell on 

what basis audiences’ fragment. 

Different studies have shown different reasons and results for fragmentation.  

Some applaud fragmentation and the availability of more and more niche interests for the 

consumer citing that these changes allow more choices and signal a more “robust and 

responsive marketplace and public sphere” (Webster, 2012, p. 39). Others view 

fragmentation as the end of “common cultural forum,” and the start of media communities 

that “scarcely interact” (Webster, 2012, p. 29). 
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According to Webster (2011), there are three features of the changing digital 

landscape that remain fairly constant. First, media is expanding at “such a rapid rate that the 

volume of new material is essentially unlimited” (Webster, 2011 pg. 44). Next, media is 

available on demand at any time and on multiple platforms, allowing the consumer to move 

freely between each. And third, according to his 2008 study, “the total supply of human 

attention available to consume these products has an upper bound” (Webster, 2011 pg.44; 

Webster, 2008a) Because consumers are presented with more and more niche interests, how 

do we predict on what basis people fragment? As already introduced, the current literature 

offers two competing explanations, each of which I review next in some detail. 

Double Jeopardy 

The first prediction is based on a well-known theory of consumer behavior called 

“Double Jeopardy”. Introduced by social scientist William McPhee in 1963, Double 

Jeopardy, is an empirically derived law in marketing according to which, barring a few 

exceptions, brands with lower market share in a market have fewer buyers who are also less 

loyal than buyers of popular brands. In other words, it challenges the highly intuitive idea of 

“small but niche” consumers. DJ shows the downside of less popular consumer brands in that 

they experience fewer repeat purchases than more popular brands.   

McPhee (1963) cited people’s familiarity or exposure to items that are similar but 

differ in popularity as a reason that DJ occurs. In terms of attitude, he cites that consumers 

have less exposure and familiarity “with less popular items,” using restaurant choices as an 

example. Their attitude about less popular items is based on their exposure and familiarity 

the item. More studies have been replicated in support of DJ and why audiences fragment. In 

1990, Ehrenberg extended DJ using purchasing behaviors of coffee brands and found that 
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overall, “that frequent-purchase markets almost invariably show regular or “law like” double 

jeopardy pattern whereby smaller (coffee) brands tend to attract somewhat less loyalty.” 

Ehrenberg also maintained that the main measure of how a brand performs in terms of 

consumer loyalty and repeat buying, are directly related to market share. He notes, “There 

are no such things as ‘strong’ and ‘weak’ brands. There are only big brands and small 

brands” (Ehrenberg, Barnard, & Scriven, 1997). These studies imply that although a 

consumer may consume a small brand, they are also likely to consumer the larger brand as 

well. Familiarity, while it does play a role in consumers’ choices, it does not always translate 

into loyalty.  

Likewise, in his 1981 study, Rosen supplements Ehrenberg’s finding on market share 

and suggested that buyers tend to concentrate most of their demand on the “superstars” 

because of their imperfect substitutability. An example of imperfect substitutability would be 

Wonder Bread hamburger buns vs. the store brand hamburger buns. Surely, the store brand 

would serve the function of the bun. However, unless the consumer doesn’t care much for a 

good hamburger, it would not do as a perfect substitute. The imperfect substitution causes 

small differences in the “talent” of the brand to be “magnified in larger earnings differences” 

(Rosen, 1981). This further ensures that demand concentrates on the few most talented sellers 

or hits. 

DJ has been extended past consumer goods to explain audience preferences of 

television programs and other media. Scholars found double jeopardy to hold for television 

audiences in the 1980s citing that many people watch a TV series occasionally rather than 

regularly, and that “the liking of television series correlates with how frequently they are 

viewed” (Barwise, 1987). To conduct their study, two field studies were performed in 
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Cincinnati, Ohio between February and March of 1980. One field study, the diary study, 

measured responses, “to all of the specific broadcasts that the respondent viewed over an 

eight-day period” (Barwise, 1987). The other field study, a questionnaire, used “several 

measures of liking and two measures of claimed viewing.” The questionnaire allowed the 

authors to look deeper into the relationship between liking and viewing for the TV series. 

These studies on TV series found that prime-time shows that had higher ratings created more 

repeat viewing than lower rated shows, thus following the pattern suggested by the theory of 

DJ – less popular shows were not only viewed by fewer people but also less frequently than 

their more popular counterpart shows. 

Also in 1990, Ehrenberg et. Al found DJ to hold for other domains in media – 

particularly newspapers. The authors calculated the percent of readers of each newspaper 

(popular, middle, quality papers) who were considered “white collar.” They then found the 

percent of adults in that demographic who read the various papers within a week. Then the 

authors found the daily issues read by that consumer per week. The authors found that “less 

popular (quality) newspapers were not only read by far fewer people, but were also read less 

frequently by those who did read them. Conversely, publications (popular) with substantially 

higher circulation were read more often” (Ehrenberg et al., 1990; McDowell, 2005).  

Webster and Ksiazek (2012) in a recent study extended DJ to Internet audiences. 

Examining a sample of 236 online media outlets, they found high levels of audience overlap 

despite fragmentation, which means that most people who visited niche websites also visited 

popular websites. This is consistent with other such studies.  For example, in 2010, 

Gentzkow and Shapiro found that visitors to a white supremacist website (a niche) were more 

likely than the normal population to visit nytimes.com. They found their information by 
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compiling aggregate data on website audiences from ComScore and supplemented that with 

micro data on the browsing behavior of individuals from 2004 to 2008. These are the first 

studies that have extended double jeopardy to Internet audiences considering websites as a 

“brands.”  

Another such study was Anita Elberse’s 2008 study on “hits.”  Through her study of 

film, television, publishing and sports, Elberse found that “even consumers of obscure niche 

media devoted most of their attention to more broadly appealing fare” (cited in Webster, 

2012 p. 51). These three studies suggest that users vary what they consume – spending 

neither long amounts of time in niche media nor hits. Audience measures like these suggest 

DJ holds. This suggests that perhaps users concentrate their usage mostly on hits rather than 

their niche counterparts despite using both. Niche users are probably more “omnivorous” in 

their media diets than we think (Webster, 2014).  

The Long-Tail Theory 

The Long Tail Theory provides the second prediction of how and why audiences 

fragment. In 2006, Chris Anderson, the editor-in-chief of Wired Magazine, introduced this 

thesis. Long Tail Theory proposes that due to the introduction of the Internet, small, niche 

products will take up more and more market share, while the demand for popular products 

will continue to decrease. He posited that classic Pareto rule (that 20 percent of all the 

products generate 80 percent of overall revenue) will no longer hold and that popular 

products (hits) will make up a smaller and smaller portion of demand (Anderson, 2006).  

Anderson (2006) noted, “Long Tail forces and technologies that are leading to an 

explosion of variety and abundant choice in the content we consume are also tending to lead 

us into tribal eddies. When mass culture breaks apart it doesn’t re-form into a different mass. 
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Instead, it turns into millions of micro cultures” (p. 14). Many academics from various 

disciplines support Anderson’s general argument and show evidence of it. 

One study by Tewksbury (2005) led to the conclusion that because there are highly 

specialized niches more readily available to consumers, it must mean that highly specialized 

audiences exist. Similarly, Heeter and Greenberg (1985) noted, “Because of the greater 

variety and fixed structure of available content within cable, program choice should better 

reflect viewers’ content preferences” (p. 206) suggesting that an increase in content options 

would directly correlate with the audience’s tendency to seek out focused interests. In 2010, 

Goel, Broder, Gabr, and Bopang studied long tail theory in infinite-inventory retailers. They 

found that the tail availability in the online retail store may boost head sales by offering 

consumers the convenience of “one-stop shopping” for their hits and niche products. 

Likewise, Brynjolfsson, Hu and Smith (2003) analyzed the long-tail phenomenon on 

the Internet and showed that niche products that were not available through normal means, 

account for a majority of sales. Elberse and Oberholzer-Gee extended the long tail 

phenomenon to video sales and found in 2007 that video sales between 2000 and 2005 

shifted from hits towards niche products. Studying music sales, Chellappa et al. (2007) found 

that platinum record sales from 2002 to 2006 had dropped from 33 percent to 23 percent. 

Criticism Against The Long Tail 

Numerous studies have supported Chris Anderson’s Long Tail theory, though others 

suggest that it may not be as accurate as once thought. In her book, Blockbusters:  Hit-

making, Risk-taking and the Big Business of Entertainment (2013), Anita Elberse studied, 

interviewed and observed film, TV, publishing, and sports executives to see the most 

profitable strategies for their respective marketplaces. She found that her conclusion was the 
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opposite of Chris Anderson’s long tail theory. In fact, she found that blockbusters work best. 

“Strategically, the blockbuster approach involves “making disproportionately big 

investments in a few products designed to appeal to mass audiences,” Elberse explained in a 

Harvard Magazine interview. “Smart executives bet heavily on a few likely winners. That’s 

where the big payoffs come from” (Lambert, 2014). Because of limited space in traditional 

distribution channels, and with businesses looking to maximize their returns, many have 

focused their marketing resources on small amounts of best sellers. In an article written for 

Harvard Business Review, Elberse talked about Grand Central Publishing pursuing this 

strategy and noted, “In 2006, just 20% of Grand Central’s titles accounted for roughly 80% 

of its sales and an even larger share of its profits” (Elberse, 2008). 

Similarly, using a survey, third-party traffic metrics, and content analysis, Huang and 

Wang (2014) found that the traffic performance of online news sites was impacted 

by long tail forces, but the impact does not transfer to the news sites' financial performance. 

The synthesis provides rich explanations of how the long tail economy can be applied to 

online news to reveal the forces that both drive and constrain its performance. 

In 2010, Benghozi and Benhamou examined the initial research on the long tail 

assumption, drawing on the results of both published and unpublished works. They conclude 

that, despite the appeal of the argument, the data only partially support Anderson’s 

assumption that niche products are taking up more market share.  

Likewise, Cook and Sirkkunen (2013) looked at business models of 69 online-only 

startups in 2011 and 2012 in ten different countries operating a niche. They then compared 

their findings against Long Tail theory to see if it can explain the marketplace of niche 

journalism. They found, “All in all the variety of niche forms exposes the oversimplification 
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of the long tail model: niche in storytelling and service-orientated journalism took some 

startups are dependent on the mainstream media, others are complementing it, others 

competing and others doing something unique” (p. 19). 

Finally, Netessine and Tan (2009) analyzed large data from Netflix to shed new light 

on the causes and consequences of the long tail effect. According to the authors, the effect of 

Long Tail was present in some cases, however when they factored in the expanding variety 

of movies and shows, and consumer demand, they found that mass appeal movies and shows 

retained their importance. They concluded that new movie titles appear much faster than 

consumers discover them and they find no evidence that niche titles satisfy consumer tastes 

better than hit titles and that a small number of heavy users are more likely to venture into 

niches than light users. On a larger scale, Netessine noted that the Long Tail effect may be 

present in some cases, but few businesses operate in a solely digital system. “Instead, they 

must weigh supply chain costs of physical products against the potential gain of capturing 

single customers of obscure offerings in a rapidly expanding marketplace” (Rethinking, 

2009). 

Genres and Double Jeopardy 

 Two of the main exceptions to the general pattern of Double Jeopardy on television 

have been ethnic minority language stations and religious stations in the United States. Both 

genres (or subsets) appeal only to a part of the whole population.  

 Ehrenberg and Barwise’s 1984 study on The Reach of TV Channels found that these 

televisions stations have very low reach but have very high average hours per viewer. In all 

of the cases that the authors saw, the viewing population is small. As an example of their 

finding, they used the KMEX station in Los Angeles. It was “watched by 6% of all 
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households for about 14 hours. Its reach amongst the sub-sample of households, which 

described themselves as Hispanic… was naturally higher, at 40%. But for the general run of 

stations summarized… even a channel with 40% reach would be viewed for an average of 

only about 2.5 hours in the week, not the observed 13” (Ehrenberg, 1984 p. 42). 

 A likely explanation for these subsets’ divergence from DJ is that in viewers’ “30 

hours or so of viewing per week, such people want some variety in what they watch. Those 

with a special interest in ethnic or religious programming can tune it whenever they want, 

and with high certainty that they will find it” (Ehrenberg, 1984 p. 46). The authors argue that 

the success of such stations depends on their programming being consistent – always Spanish 

or always religious.  

 In the same study, the authors purport that there are other sub-groups in the 

population with special interests (different hobbies, sports, political interests, etc.). They 

argue that specialized print media – mostly magazines, caters to such groups. It is noted that 

readers with niche interests are also interested in general interest magazines and papers, 

much like viewers of the existing specialized television channels also watch other channels. 

The authors posit, “with the growth in the numbers of channels available, there could in 

principle be many more special interest channels on television – narrowcasting rather than 

broadcasting” (Barwise, 1984 p. 46). For this reason, it would follow that with the growth of 

number of domains available; there will be many more interest and niche categories available 

on the Internet, which would lead to deviations in DJ based on category and genres on the 

Internet.  
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Double Jeopardy in the Long Tail 

Although the extant literature on double jeopardy is tested with brands and television 

programming, and Internet is not equivalent to TV, the Internet is not just media content as 

we see in a traditional way. Long Tail theory is a theory on the consumption of culture and 

the Internet is a place where all forms of cultural consumption manifests. For this reason, the 

Internet makes an even more appropriate forum to test the prevalence of Double Jeopardy in 

a digitally mediated culture. 

In summary, the extant literature has found conflicting evidence of whether audiences 

fragment according to the Long Tail effect or according to the theory of double jeopardy. 

According to Webster and Kziazek (2012), there are three factors that drive audience 

fragmentation. The mechanisms associated with these factors explain what patterns of 

attention would ensue. These motivate the case for why we would witness Double Jeopardy 

in patterns of Internet Use.  Media providers are the first such factor which drive audience 

fragmentation. There is a steady growth in the number of media outlets and products 

competing for public attention. “This has led many to characterize the information age as an 

“attention economy” in which attracting an audience is a prerequisite for achieving 

economic, social, or political objectives” (Webster, 2012, p. 41). As Elberse (year) noted, 

more and more media providers are concentrating their marketing efforts on hits more so 

than their niche counterparts, which suggests that double jeopardy applies to media and the 

Internet. 

The second cause of audience fragmentation is how user preferences are distributed. 

Many theorists expect users to use media they prefer, which reflects their needs, moods, 

tastes, and attitudes. Naturally, since every user is different, their tastes, moods and needs are 
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different from one another.  Like Netessine found, many consumers, despite their niche 

interests, tend to still gravitate towards mass appeal movies and shows. These needs, moods, 

tastes and attitudes of media users still concentrate around “hits.” This is why media user 

based fragmentation would follow the laws of DJ rather than Long Tail. 

The third driver of audience fragmentation is media measures, which is the result of 

gathering and breaking down of data. Media measures exercise an influence on what users 

ultimately consume and how providers adapt to and manage those shifting patterns of 

attendance. For example, web traffic to certain sites is increased by the placement of a site in 

search engines and the purchase of advertising (pop-up ads, in page banner ads, etc.). Media 

measures help determine where ads should be placed and therefore push users in a certain 

direction increasing fragmentation. Yet these measures have an inherent “popularity bias” 

(Webster, 2010), i.e., they drive more and more users towards content that is already popular 

to begin with. Google’s page rank algorithm is a classic example of that. “Trends” or 

trending topics on social media also achieve such effects. These would predict Double 

Jeopardy.  

For reasons explicated above, I believe Double Jeopardy will hold uniformly for most 

of the World Wide Web. Based on the review of extant research outlined above, I would like 

to posit a hypothesis  

H1: The Internet Audience follows the law of Double Jeopardy, that is, websites with 

more users also have high levels of usage. 

However, I believe that there will be certain genres where Double Jeopardy does not 

apply. Although universally applicable, historically a few genres have proven exceptions to 

the DJ rule.  These were first pointed out by Ehrenberg, Goodhardt and Barwise’s (1990) in 
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their study of television viewing in the US, Specifically, they found that ethnic minority-

language television stations (Spanish) and religious television stations in the United States, 

do not follow the law of DJ. Each of the stations within these genres had very low reach, but 

tended to have very high average hours per viewer. 

Since the Internet has more choices and more users with more diverse interests, it 

would follow that certain genres of websites do not have DJ tendencies. Thinking of different 

genres in the United States and based on the literature outlined above, I would expect that, 

religious websites, and Hispanic websites would not follow the theory of DJ. However given 

the growing political polarization in the US electorate and the growth in ideologically 

charged online news operations (Prior, 2013), news websites too could deviate from Double 

Jeopardy. If people indeed stick exclusively to content which echoes their viewpoints, we 

would see more niche enclaves in news than we would overall for the Web. This is because 

ideologically charged content caters to a small niche of ideologically charged political elites. 

On the contrary if most viewers of these niche political sites also visit larger news sites, we’d 

see DJ even on the category of news websites. Just as for news, either effect is possible for 

sports. In one case, fans may overwhelmingly stick to their niche interests, but on the other 

hand, they may continue to consume what is popular at the time. These questions need 

empirical investigation, and it is hard to have an a priori directional hypothesis. Instead I 

would like to pose a research question.      

RQ1: If the Internet follows the law of Double Jeopardy, and websites with more users 

have high levels of usage, does it hold uniformly for all categories? If not, what categories 

are these? 
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Methodology 

 

 

 
In this section, I first introduce the dataset from which I draw on estimates of a 

website’s popularity (users) and its usage.  Instead of using self-reports of media 

consumption, which are fraught with a variety of problems, I decided to rely on passively 

collected reports of media exposure. To that end, I used traffic estimates from ComScore 

Media Metrix. Following this, I describe the sample of Websites I included and the 

associated rationale. Finally, I introduce specific measures through which I operationalize 

users and usage from the available metrics in ComScore. 

ComScore Data 
 

To examine my research hypothesis, I utilized data available from ComScore Media 

Metrix. ComScore Media Metrix is a digital audience measurement company that measures 

what users do as they navigate through the Internet. ComScore’s measurement process 

entails the integration of person-centric data collected from a sample of online recruited 

panelists, with site-centric census data from tagging web entities. The panel measurement is 

made up of a large group of Internet users (about 1 million people in the US and 2 million 

people worldwide) with a software meter that lives on the participant’s computer. This part 

of the methodology allows ComScore to see the users’ exposure to websites and their 

different content elements. The site-centric measurements are measured by a tag (or pixel) 

placed on a web site or other content and is used to track an event which is logged onto a host 

server. This data includes visits to a page, watching a video, etc. By combining panel data, 

cookies, and tags, ComScore projects website audiences for Media Metrix. To make sure 
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their data is succinct, ComScore has developed techniques that include the filtration of non-

human traffic (ComScore Description of Methodology, 2014).  

Although the extant literature on double jeopardy is tested with brands and television 

programming, and Internet is not equivalent to TV, the Internet is not just media content as 

we see in a traditional way. Long Tail theory is a theory on the consumption of culture and 

the Internet is a place where all forms of cultural consumption is manifested. For this reason, 

the Internet makes an even more appropriate form to test.  

For the purpose of this study, each individual Web domain reported on ComScore 

was considered a brand. 

Data Collection 

The data that I possessed consisted of unique visitors, page views, and time spent. 

Through ComScore, I looked at monthly measurements of websites both in the United States 

and Internationally between January 1, 2014 and December 31, 2014 on desktops only. I 

worked with monthly data to ensure both an adequate sample size in each month for each 

domain and enough observations over time for statistically significant estimates (Netessine, 

2012).  Absolute rankings, for example the top 100, etc., were used in previous literature 

including Anderson’s Long Tail Theory (2004).  I ranked the sites in relative terms, domains 

with a percent reach of two or more. I looked at the top 2000 domains in the US (using sites 

that ranked below 2000 left open the possibility of getting statistically insignificant estimates 

– any website with under roughly one-million total unique visitors in one month is rather 

statistically insignificant in the realm of the Internet where some domains reach over one-

trillion). I used the cutoff of a percent reach of greater than or equal to two as delineation 

between hit and niche content. I used measurements with a reach of below two to allow for a 
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fairly long tail. There were 349 websites with a reach greater than two percent and 4,491,000 

total unique visitors in the United States with roughly 230 million users. Because my sample 

was only 2000 domains out of the multitude available, the head and the tail as I defined them 

is relative to the data that I collected. Therefore, the tail cannot be considered the long tail in 

the traditional sense as defined by Chris Anderson. Henceforth, when I use the word tail, I 

mean the tail of my data – the 1,650 out of 2000 websites with a reach less than 2 percent. 

However, after graphing the 2000 domains’ percent reach, you can see that the data follows 

in a long tail curve. The data in this graph are taken from January 2014. All other monthly 

graphs look similar. 

Graph 1: Plotted Percent Reach of top 2000 domains in the United States 

 

  

 

 

 

 

 

 

 

 

Internationally, there were roughly 2,338 websites with a percent reach of .2 or more 
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websites internationally with a reach over the total unique visitors of the 2000
th

 website on 

the US list in order to make the data relative. I looked at data in both the United States and 

Internationally to see if there were differences in results between the two. I was also able to 

see if there were certain genres internationally and domestically that did not follow the 

theories. 

After examining the correlation data for International sites and thinking more deeply 

about how to test double jeopardy, it was decided that it is very complicated and involved. In 

international data, mass audiences and niche audiences are hard to identify. Geography and 

language pose natural but invisible boundaries, which cannot be seen in databases that I had 

access to. For example, Lithuania is a small country in Europe. Even if a hugely popular 

Lithuanian website is considered a “hit” in Lithuania, it would still be considered a niche on 

a global standard.  Because this type of data cannot be accounted for, it becomes hard to 

support double jeopardy Internationally overall, as what appears as a niche internationally, 

may be considered a hit in specific geographies. With this limitation in mind, additional 

studies can be done on the international data to see the effect of double jeopardy on the 

Internet on a global scale. In these, before running the numbers, it would be imperative to 

identify focal geographies and languages of each site either by involving a “global” army of 

human coders, or using automated machine learning-based tools that can identify and 

categorize web content. 

Measures 

The measures that I used were as follows for users and usage:  

Users. 
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 Total Unique Visitors: the estimated number of different individuals in 

thousands that visited any content of a website, category, channel or 

application during the set reporting period.  

 % Reach: The % of the total universe accounted for by the total site visitors.   

Usage. 

I captured usage at two levels, first, at the “user-average” level for each website and 

second, at the “website-aggregate” level. The Measures at the user level were as 

follows: 

 Average Visits per Visitor: the average number of visits made during the 

report month by those visiting the website (Total Visits/Unique Visitors).  

 Average Pages Per Visitor: The average number of pages viewed during a 

month by persons visiting the website. 

 Average Minutes per Visitor: The average number of minutes spent on the 

website per visitor. 

At the website-aggregate level, I operationalized usage through the following two 

variables:  

 Total Pages: The total number of pages viewed during a month by all persons 

visiting the website. 

 Total Minutes: The total number of minutes spent on the website by all 

visitors across all visits in a month. 

Additional covariate. 
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As already discussed, the relationship between users and usage could vary by website 

genre. Therefore, I noted each website’s genre through website category, provided by 

ComScore. 

 Category: the genre in which the website falls under (retail, search/navigation, 

portals, entertainment, etc.) 

Analysis 

Since I was interested in studying the demand for “hit” sites vs. niche sites, I defined 

the variable USERSxt to reflect how popular site x was at time t using the Total Unique 

Visitors metric on ComScore. I ranked the number of unique users that each website received 

within each month in descending order and used it to rank the site’s popularity. A higher 

(lower) rank indicated a more popular site.  I defined the variable VISITSt as the amount of 

times the site was visited on different sites per visitor during the time period t using the 

Average Visits per Visitor metric. After collecting the data, I ran descriptive statistics on it to 

see the distribution and pairwise correlations between the variables. This revealed the 

correlations between any of the predictors. After viewing the distribution of the data, if it was 

skewed, I transformed the data into Log10 data, which made the data distribution more 

symmetric. I then ran a two series of regression models for each month, one using at the 

“average-user” level and for the “aggregate-website” level, I used total unique user and 

average visits per visitor. I also used category (genre) of website and month as a dummy 

variable to see if either of those two factors had an effect on the results. 

When considering possible categories to test as an additional covariance to see if DJ 

has an effect, I excluded retail and utility categories, as neither are cultural phenomena – 

everyone uses those sites. After parsing through the international data, I have decided to look 



 

 22 

at lifestyle sites, which have over 500 out of about 12,000 domains in the international data, 

news sites, which have over 1,400 out of about 12,000 domains in the international data, and 

sports sites, which have over 200 out of about 12,000 domains in international data. 

Examples of lifestyle sites in the head of the long tail would be pclady.com.cn, mogulie.com 

and meilishuo.com while the examples of beauty/fashion/style sites in the tail would include 

stylecaster.com, dailymakeover.com, and jolie.de. Examples of general news and information 

sites in the head of the long tail would be xinhuanet.com, gmw.cn, and cnn.com while 

examples of general news sites in the tail would include divany.hu, mdzol.com, and vtv.vn. 

Examples of sports sites in the head of the long tail would be espn.com, bleacherreport.com, 

and foxsports.com while examples of sports sites in the tail would include fff.fr, 

canliskor.com.tr, and cricket.com.pk. Though, after looking through the data, I decided not to 

run regression analyses on the international data for reasons that I include in the discussion 

section. After parsing through the US data, I have decided to look at lifestyle sites, which 

have over 150 out of 2000 domains, general news, and information sites, which have over 

270 out of 2000 domains, and sports sites, which have over 40 out of 2000 domains. 

Examples of food lifestyle sites in the head of the long tail include allrecipies.com, 

foodnetwork.com, and food.com, while examples of sites in the tail would be 

cookingchanneltv.com, food52.xom, and wholefoodsmarket.com. Examples of general news 

and information sites in the head of the long tail would be cnn.com, huffingtonpost.com, and 

foxnews.com while examples of general news sites in the tail would include ksdk.com, 

ctvnews.ca, and abc13.com. Examples of sports sites in the head of the long tail would be 

espn.com, foxsports.com, and bleacherreport.com, while examples of sites in the tail would 

be ufc.com, thebiglead.com, and 247sports.com. These genres have a large number of 
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domains to test and are all niche interest categories that I believe will not follow DJ. Since 

ComScore does not note the languages of the websites, I will not be able to test Hispanic 

categories like previous literature had identified as an exception.    
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Results 

 

 
Correlations 

 My analysis started with running pairwise correlation analyses between users and 

usage. Correlations were run between Total Unique Visitors (the variable I use for Users) and 

each of the usage variables. Tables 1(a-e) therefore report the correlation coefficients 

between unique users and Total Pages Viewed, Average Visits per Visitor Total Minutes, 

Average Minutes Per Visitor and Average Pages per visitor respectively for US and 

international samples. I computed the correlations for each month separately. In these tables I 

report the average values for 12 months, along with their standard deviations and ranges. The 

tables suggest that on average, there are moderately high correlations between users and 

usage (at the user-average level) and high correlations between users and usage (at the 

website-aggregate level), Further, the correlations at the head of the sample (i.e. within the 

top 20% websites) by users are generally much larger than the correlations at the tail of the 

sample (i.e., lower 80%. of the website by users). I also ran correlations on subsamples of 

websites of three categories – lifestyle, news and sports. The correlations between users and 

usage for these categories are much lower than for all sites on average.  Especially at the 

user-average level, the strength of association between users and usage is practically zero for 

lifestyle and slightly higher for news and sports in that order. However at the aggregate level 

(total website usage).the correlations are stronger for all categories, but they are especially 

high for news and sports websites. Overall, as told by the low standard deviations, there is 

little variability in the month on month data and the correlation patterns.   
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 Based on the correlation data, it is clear that the sites in the head of the data are 

driving the overall correlations. Examples of sites in the head of the data are Facebook, 

Google, and Amazon. These sites are clearly very popular and are used frequently. The 

pairwise correlations of the tail websites are being driven up because of them. Examples of 

sites in the tail are MTA.info, Vonage.com, and Applebees.com. I reflect on each of these 

results in the detail in the “discussion” section. 

Regression Models 

The next component of the analysis was running a regression model to further test the 

associations between users and usage while simultaneously controlling for website categories 

and time. Two separate series of regression models were run. In the first set, dependent 

variables were the usage variables at the average user level, i.e. average page views per user 

and the average minutes per user.  Tables 2 and 3 summarize the results of these models. In 

the second set, I used the usage variables at the aggregate website usage level i.e., total pages 

viewed and total time spent as the dependent variable. Tables 4 and 5 summarize these 

models. In both regression sets, the independent variables are the logarithm of Total Unique 

Visitors, News, Lifestyle, Sports, the square root of Total Visits, and Months. I log 

transformed all of the amount and count variables by taking their logarithms to the base 10 

(i.e. unique users, total and average page views, total and average minutes) to symmetrize 

their distributions. Base 10 revealed more symmetric distributions than taking natural logs. 

As was seen in the correlation data, pages viewed and time spent are highly 

correlated, hence they are expected to have similar associations with each of IVs.  

In table 2, 3, 4, and 5, I report the results of the models. Rather than including all of 

the variables at once, I included different variables one by one in order to build a series of 
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models. In the first model (column 1), I include only the log of total unique visitors. The 

parameter estimate for unique (log) is unsurprisingly positive and significant. Again, in line 

with the magnitude of the correlation coefficients between unique users and page 

views/minutes, the effects of unique users at the average user level (tables 2 and 3) are much 

smaller than its’ effects at the aggregate website usage level (tables 4 and 5).  I then 

introduced the categories of news, lifestyle, and sports sites as an independent variable. The 

parameter estimate for unique (log) in the second model remains similar but slightly stronger, 

while the parameters for news and lifestyle categories are negative, and the parameter for 

sports is only slightly positive. In the next model (in the table as (3)) I introduce months as an 

additional covariance variable. The parameters of the other dependent variables are negative 

except for sports which has weak positive but significant estimate. All of them do little to 

reduce the magnitude or significance of the parameter associated with unique (log). The beta 

coefficient of the unique (log) in the table indicates the ratio by which what factor page views 

are going down. For instance in model (1), table 2 for the Average Page Views, for ever 1% 

increase in unique users, the average page views would increases by 19% (= 1.01*.191).  

Such effect sizes can be derived for all other independent and dependent variables for each 

model, by performing certain mathematical operations, which I explain next. 

Deriving Effect Sizes 

Since this regression specification is a log/log model where the dependent variable 

and some of the independent variables was log transformed, we needed to back-transform the 

parameter estimates into normal form. After doing so, to interpret the effect sizes, I needed to 

take the partial derivatives of the parameter expression to estimate the unit change in DV for 

each unit change in IV, holding all other IVs constant. The process is thus slightly different 



 

 27 

for independent variables that were log transformed compared to those that weren’t log 

transformed. For deriving effects sizes I will focus on model (4) in each regression set. For 

the independent variables that were not log transformed, such as the category data (sports, 

news, lifestyle), their exponentiated coefficient (to the power 10, since we had log 

transformed to the base 10) is the ratio of the geometric mean of the estimated DV for the 

specific category sites to the geometric mean for (all other) sites that do not belong to the 

category. In the case of these models, it would be sports sites vs. rest, news sites vs. rest, and 

lifestyle sites vs. rest. For instance when the DV is page views, the average estimated number 

of page views for a news site would be the (10 ^ (Beta coefficient of news) -1) % (since we 

took logs to the base 10, we have to raise 10 to the power of Betas of the page views for any 

other site.  In model three for the regression where average page views is the dependent 

variable (table 2), the News estimate will be 10
-0.199

, lifestyle becomes 10
0.128

, and sports 

becomes 10
0.057

. In model four for the regression where average page views is the dependent 

variable, the News estimate is 10
-0.277

, lifestyle becomes 10
-0.089

, sports becomes 10
-0.131

, and 

Visits becomes 10
0.504 

– 1. For other independent variables that are logged, such as unique 

visitors, the effect size is relatively simpler to compute. The Beta coefficient here denotes the 

ratio of the change in dependent variable to the change in independent variable. In other 

words, for say a 10% increase in IV, the DV would increase by (1.10) * Beta % Tables 6 

through 9 report these effect sizes corresponding to the models in Tables 2 through 5 

respectively.  

In general, regardless of the DV used and the controls employed, we found that 

unique visitors have a positive association with usage. An increase in a website’s unique 

users would expectedly increase the website’s average page views or the average time spent 
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per user significantly. Likewise, this expected increase would be substantially more when the 

outcome variable is total pages viewed or total minutes. However, we expect lifestyle and 

news sites to have a slightly lower number of page views or time spent (both average and 

aggregate) when holding unique visitors constant, but sports to have a slightly higher number 

(Tables 2-5). However, when we control for average visits, (Table 2-5, models (4)) the effect 

for sports also reverses. This suggests that average visits per user moderates the effect of 

category. In other words, a visit precedes page views or time spent, and the latter are 

contingent on how often a user visits a website, which is more often for a sports websites 

than news or lifestyle (the correlation of visits with unique users is higher for sport than both 

lifestyle and news which confirms this intuition). 

These correlations and the regression models overall suggest that the number of 

unique users is positively related to usage of the website. This holds true regardless of 

whether websites usage is operationalized at the average-user level or website-aggregate 

level or measured as page views or time spent. Thus H1 is supported. For the three individual 

categories studied, we find no evidence for or against double jeopardy for lifestyle sites, but 

moderate evidence for news and sports. Although we find that users predict usage to a lesser 

extent for these sites than they do for all sites, we find no effect of niche-based loyalties. If 

that were the case we would have seen strong negative associations between users and usage 

for these sites. Overall, the DJ (higher popularity drives higher usage) is supported for more 

popular sites (the top 20% sites at the head of the distribution ) than for less popular sites. It 

appears that these drive the DJ seen in the overall data. 
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Discussion 

 

 
In this section, I will focus on analyzing all the results together, with an eye on the 

theoretical contributions of this study. Further, I will identify reasons for why we observe DJ 

where we did see evidence of it, and why in other cases we did not see equally strong 

evidence. 

DJ at the Head and Tail  

 After looking at just correlation data overall on the aggregate and the individual level, 

we find that double jeopardy applies overall on the WWW. It applies to the head much more 

strongly to the tail. The presence of the long tail takes the effect of double jeopardy 

downward a little, however we did not see “niche enclaves” of parallel cultures that the long 

tail theory and many new media scholars predict (i.e. even at the tail of Internet 

Consumption, correlations, although very weak, are positive). There is a positive correlation 

between popularity and usage regardless of the measure of usage that was chosen (average 

pages viewed per visitor, average minutes spent per visitor, total pages viewed, total minutes 

spent).  

 The types of websites that comprised the head of the data that drive the high 

correlations seen are search engines and portals like Google and Yahoo, which have roughly 

180,000,000 181,000,000 total unique users respectively, 157 and 197 average page views 

respectively, and 168 and 147 average minutes spent respectively. Also included in the head 

are social media sites like Facebook and Blogger. Facebook has roughly 140,000,000 total 

unique visitors, 570 average pages viewed, and 423 average minutes spent. Finally, the head 
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also includes retail sites like Amazon and E-bay (which were excluded when considering 

individual categories due to the abundance of universal users on retail sites). Amazon has 

about 90,000,000 total unique visitors, 45 average pages viewed, and 30 average minutes. 

The types of websites included in the tails of overall data are government sites like 

ARMY.MIL with 1,015,000 total unique visitors, 3 average pages viewed, an 3 average 

minutes spent. Other types include automotive websites like LEXUS.COM with 1,000,000 

total unique visitors, 4 average pages, and 3 average minutes, and gambling websites like 

POWERBALL.COM also with 1,000,000 total unique visitors, 4 average pages and 10 

average minutes. Also included in the tail are some categories that are also found in the head. 

For instance, HALF.COM, ranked in the bottom 5% of the data, is a retail website. These 

examples suggest that DJ is quite pronounced. Sites at the tail have low user numbers and 

low usage sites at the head quite the converse –high user numbers and high usage.  

DJ Within Categories 

 Looking at the correlation data for each of the categories, we find that for lifestyle, 

the correlations are not as strong as they are for the full sample of websites, but are still 

positive. There are on average (in a typical monthly sample of 2000 sites) 10 to 15 lifestyle 

sites in the head of the sample, and about 145 to 150 lifestyle sites in the tail. Because there 

are predominately more of these types of sites in the tail, it makes sense that these drive the 

overall correlation downward. News has higher correlations as compared to lifestyle. There 

are about news 70 websites in the head, and about 200 websites in the tail of the data.. This is 

because there are many more news sites in the head of the data relative to the amount of sites 

in the head of the data for lifestyle. Finally, there are about 12 sports sites in the head of data 

overall, while the tail contains about 34. Similar to news, because the ratio of head to tail 
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sports websites is smaller, it makes sense that the correlation between users and usage is 

higher. For both sports and news, the correlations are still very strong. This indicates that the 

popular sports site and the popular news sites are the ones where popularity and usage are 

highly correlated. The largely popular sports sites include ESPN.com and 

FOXSPORTS.COM, which have 31,613,000 unique visitors and 23,349,000 unique visitors, 

respectively, with 39.7 and 15.9 average pages viewed, and 57.4 and 17.2 average minutes 

spent, respectively. In the tail, we see websites like PGATOUR.COM, which is ranked in the 

bottom 5% of the 2000 sites. In most months, the site has roughly 1,006,000 unique visitors 

with 19.6 average page views and 15.5 average minutes spent.  

However, it is interesting to note, that during the month of April, when the Masters 

Golf Tournament goes on, PGATOUR.com has an increase in amount of unique visitors 

(1,055,000) and has average page views of 22.8 and average minutes spent as 16.81, which is 

an example of how month effects the betas of sport in model 3 of the regression tables. What 

confirms double jeopardy is the increase in usage of the PGATOUR.com website in April, 

accompanied by a corresponding increase in users. Thus at a time when Golf is relatively 

more popular, not only more people are flocking towards the sport, but are paying more 

attention to it. On the contrary, we can argue that in a “routine” month, when so-called “Golf 

Loyalists” would not visit the site, we see not only a lower user number, but also lower 

usage. If double jeopardy is to be believed in, this drop in loyalty can be explained. On the 

other hand, if the long tail theory holds, we should see usage to be higher when only loyalists 

visit PGATOUR.com.  

Likewise, for news, the more popular news sites drawing the most popularity include 

CNN.COM, with 51,661,000 unique visitors, who on average view 26 pages and spend 26 
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minutes on the site. In the tail, the least popular news site was a niche – NBCMIAMI.COM. 

with under 1M unique visitors and 3 pages/4 minutes. NBCMIAMI would be considered a 

niche due to the fact that it caters to small geographic area (Miami, Florida) relative to the 

rest of the county. Finally, the most popular lifestyle sites include ALLRECIPIES.COM with 

18,148,000 unique visitors, 10 average pages viewed, and 9 average minutes spent on the 

site. In the tail of the lifestyles sites, we find sites like TOTALBEAUTY.COM that has 

974,000 unique visitors, 4 average pages, and 3 average minutes.  

Extending the Analysis  

 Based on these correlations, we know that double jeopardy applies in the long tail. 

The popular sites are maintaining popularity while the sites in the tail not only have low 

users, but their usage also tends to remain low. If the long tail theory were to apply, we 

would see even lower correlations (negative values) in the tail. Drawing on these results, in 

the section that follows, I will speculate why we observe these patterns just identified. 

The top 2000 domains in the United States were considered brands. However, when one 

thinks of a domain like Google, MSN or Yahoo, people use these domains as a starting off 

point for exploring deeper into the Internet. Because these domains were included in this 

study, Google itself was considered a brand. For further studies, it may be wise to consider 

leaving portal and search engine sites out of the study to see what effect that has on the 

regression and correlation data. Because these types of sites had high usage and user data, it 

would make sense that the correlation results may be slightly lower, but not predominantly. 

DJ in the Internet 

Literature suggests that consumers of media make their choices based on their many 

interests, attitudes, and tastes. Every user of the Internet has different sets of tastes and 
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consumes different types of media. However, despite their penchant for a certain niche 

websites, users will still gravitate towards popular sites perhaps because sites with mass 

appeal actually appeal to everyone or perhaps media measures tend to direct users to such 

sites. Further the social nature of media consumption also accentuates these effects. Either 

way, all these factors make the case for Double Jeopardy, in ways I elaborate on next.  

First, media measures have influences on what users ultimately consume. Thinking of 

search engines, for instance, when a user types in a term that they are looking for, the most 

popular site will usually show up in the results page first. Because of this, more traffic is 

always going to be driven to the popular site, instead of site that is less popular, even if that 

less popular site is more in-depth and niche to what the user is looking for, unless the user 

goes deep into the results. Webster (2010) calls this the “popularity bias” that most digital 

media measures and recommender systems possess. 

 Recently, it was reported by Qmee (Online, 2013), that 70 new domains are created 

every single minute, which translates to 100,800 domains every day. There is no way that 

people can consume content in proportion to its supply. Further, most people are likely to be 

even unaware of most options available to them. The size of the Internet is expanding so 

rapidly that domains are appearing much faster than users discover them, and hence few 

users are likely to consume these niche sites. They are more likely to stick with popular sites 

even if these new domains fall under the category of website in which they are consuming. 

This is in line with what Netessine and Tan (2009) found within Netflix.  

 Additionally, websites that want big payoffs in popularity usually focus on topics in 

their circle of competence that appeal to mass audiences. For example, sports sites like 

ESPN.com as a circle of competence of all sports focusing mainly and heavily on Football, 
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Baseball, College Football, Hockey, and Basketball. All of these sports are of mass appeal 

and are within ESPN’s circle of competence. The site doesn’t churn out articles on sports like 

curling or swimming because neither are mass appeal, but instead niche. This is also why 

PGATOUR.COM is considered a niche – the sport is not of mass appeal in the traditional 

sense. Likewise, for news sites, CNN focuses on stories of mass appeal in the US overall. 

They don’t focus on local or niche stories and because of this are considered a hit. On the 

other hand, sites like NationalPost.com are considered niches. NationalPost.com is a 

Canadian news website that fewer people (namely Canadian-Americans) consume. In 

Lifestyle, one of the niche websites its biblestudytools.com – a religious website with a very 

small circle of competence and therefore niche. A popular lifestyle site example is 

FoodNetwork.com. This site provides recipes. It has mass appeal, as everyone eats, and 

because it has other properties like television channels within its media family. 

 The Internet in and of itself could be considered to be somewhat of an online “water 

cooler,” where users meet and interact. This is evident as shown by social websites like 

Facebook. Although the website has a lower number of total unique users than portals and 

search engines like Google and Yahoo, the usage is substantially higher – averaging about 

570 page views and 430 minutes spent for the average user. There is a social nature of media 

consumption where friends and colleagues interact and fluidly share their tastes, attitudes, 

and preferences through the Internet. This phenomenon also drives usage of popular sites. 

Websites that produce content with mass appeal are more often going to have their content 

posted and shared on social media sites. Because of this, this content will generate more 

clicks, thus leading to even more usage. 
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In conclusion, it would suffice to say that while their will always be some demand for 

niche entities on the Internet, it is popular sites that generate the most usage. Sites that focus 

on a few popular topics or products in their category and circle of competence will benefit 

most. Audiences will continue to fragment even more. Because there would be steady growth 

in the number of domains on the Internet all competing for user attention, attracting a large 

audience first and foremost is a prerequisite for achieving any sort of economic, financial, 

social, or political goals.  

The Nature of Websites 

 Based on the results of the study, we found that popular sites will drive overall 

correlations. But what is it about these sites that make them so popular? When looking at 

websites like Facebook and CNN and ESPN, we find that the content on them is always 

changing on an hourly basis. When consumers go onto these sites in the morning, the content 

will be different from when they visit the site later on in the night. This is the nature of these 

sites. It makes sense that consumers are visiting these sites multiple times a day and spending 

more time on these sites because they are always changing. When you think of the websites 

in the tail of the data, they seem to have stagnant content – even if it is niche content. A good 

theoretical example of this is someone’s blog or website on orchid tending and care. At the 

end of the day, there is only so much you can write about orchid tending in one day or week. 

It only takes an average person X number of minutes to read said post. Once the user has 

read it, what else on that site is there to do? There is no extra content. The content isn’t 

changing.  

 Based on the rankings of the sites, we see that the sites with new content are more 

popular. We find that content is king and trumps user preferences. A good example of this is 
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the popular site reddit.com. The user interface is easy to use but the design of the website 

appears as it if is stuck in the 1990’s Internet age. Though, because Reddit is a social 

networking, news, and entertainment site where registered “community” members can 

submit content. The site is organized into areas of niche interests called “subreddits,” which 

include topics like television, books, and even a subreddit on orchid tending. Reddit is an 

example of changing content but also of how customizable “hit” websites are now.  

 The nature of popular websites nowadays is that they are all highly customizable. 

Sites like Facebook, Pinterest and Twitter allow you pick and choose who and what you 

follow, and the type of posts you will get in your feeds. Users are able to pull in all the 

content they want in these types of aggregate sites. In media today, niche loyalties are played 

out in larger websites like Facebook and Google’s version – Google Plus. If someone is 

interested in orchid tending, they are able to subscribe or like any type of Facebook page, 

Twitter handle, or Pinterest board that discusses orchid tending. This further increases the 

discrepancy of total unique visitors, time spent and page views between niche sites in the tail 

and “hits” in the head. The customizability of these “hit” sites allows for less time in the 

niche sites furthering the effects of DJ. The nature of data analyzed in the current study is not 

able to account for the effects of such features. 

 Some of the categories that were chosen, specifically food and beauty lifestyle, are 

more sticky than others. Users are more likely to stay longer on particular sites than others 

due to the nature of the site’s contents. For example, when looking at a site like 

Allrecipes.com, users are more likely to stay longer on a page because they are recipes and 

need to refer to them. They are more likely to have the site open longer while cooking. This 

would also happen with how-to lifestyle sites – like “how-to curl your hair” sites while the 
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video is streaming. It would be interesting to see if these types of sites have higher usage 

rates as compared to other types of lifestyle sites.  

Mobile Data vs. Desktop Data 

 A final limitation I would like to note is that this study was done using data from 

desktops only (including laptops), instead of universal desktop and mobile data. The effect of 

including mobile sites in the data would most likely be noticeable. My speculation is that 

most people browse the web through applications on their mobile devices. The average user 

doesn’t have many apps on their device. For the purpose of this explanation, let’s say they 

have 20 apps in total. Most of these apps are likely to be very popular apps that correspond to 

popular websites (i.e. Facebook, Twitter, Tumblr, Pinterest, Weather App, CNN, ESPN, 

etc.). Because of this, if mobile data had been included, we would most likely see the 

pairwise correlations rise even more. An average person would have 20 apps on their device 

– 10 would be niche but 10 would be popular apps that everyone has installed. These popular 

apps are most likely to have the most users and usage. On the other hand the other 10 apps 

are likely to reflect people’s niche interests and hence when seen in the aggregate, their usage 

would be low on average, especially as there are so many of them. This Double Jeopardy 

would most likely hold! 
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Table 1: US Panel 

Table 1 (a): Correlation of US Total Unique Visitors vs. Avg Pages Viewed 

 Overall Head Tail Lifestyle Sports News 

Average 0.2667* 0.5050 0.0481 0.0345 0.2856 0.1173 

S.D. .024 .148 .158 .192 .239 .164 

Min .238 .142 -.013 -.052 -.016 .043 

Max .309 .5948 .551 .644 .903 .637 

Number 2000 350 1,650 150 46 272 

**Correlation significant at p<0.01 

Table 1 (b): Correlation of US Total Unique Visitors vs. Avg Time Spent 

 Overall Head Tail Lifestyle Sports News 

Average 0.3213 0.5478 0.0155 0.0080 0.2509 0.1468 

S.D. .016 .034 .011 .023 .129 .051 

Min .302 .472 -.0003 -0.019 .074 .078 

Max .360 .598 .037 .052 .409 .2219 

Number 2000 350 1,650 150 46 272 

**Correlation significant at p<0.01 

Table 1 (c): Correlation of Total Unique Visitors vs. Total Pages Viewed 

 Overall Head Tail Lifestyle Sports News 

Average 0.7133** 0.7525** 0.3138** 0.2715** 0.7768** 0.8093** 

S.D. 0.024 0.027 0.220 0.048 0.0574 0.019 

Min 0.673 0.708 0.194 0.348 0.642 0.773 

Max 0.748 0.791 0.791 0.2056 0.847 0.829 

Number 2000 350 1,650 150 46 272 

**Correlation significant at p<0.01 

Table 1 (d): Correlation of Total Unique Visitors vs. Average Visits per Visitor 

 Overall Head Tail Lifestyle Sports News 

Average 0.3716** 0.62415** 0.1234** 0.0008** 0.1871** 0.1173** 

S.D. 0.014 0.013 0.225 0.035 0.051 0.052 

Min 0.344 0.603 0.002 -0.040 0.0688 0.035 

Max 0.4077 0.644 0.605 0.071 0.2339 0.232 

Number 2000 350 1,650 150 46 272 
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**Correlation significant at p<0.01 

Table 1 (e): Correlation of Total Unique Visitors vs. Total Minutes 

 Overall Head Tail Lifestyle Sports News 

Average 0.7461** 0.7874** 0.3165** 0.5369** 0.7979** 0.6856** 

S.D. 0.012 0.014 0.225 0.048 0.059 0.052 

Min 0.720 0.759 0.204 0.459 0.668 0.584 

Max 0.757 0.800 0.797 0.596 0.847 0.748 

Number 2000 350 1,630 150 46 272 

**Correlation significant at p<0.01 

 

Table 2: Regression Models to Explain DJ in Long Tail with Log Avg. PV as DV 

 

 

Beta 

(1) 

T 

 

Beta 

(2) 

T 

 

Beta 

(3) 

T 

 

Beta 

(4) 

T 

 

Unique (Log) 0.191* 24.89 0.203* 26.65 0.205* 26.85 0.033* 5.85 

News   -0.198* -24.05 -0.199* -24.10 -0.227* -37.28 

Lifestyle   -0.128 -12.02 -0.128* -12.02 -0.089* -11.33 

Sports   0.058 3.14 0.057 3.10 -0.131* -9.48 

Months     # # # # 

Visits (Root)       0.504* 140.72 

Control         

Intercept 0.315* 12.21 .310* 12.17 0.301* 10.96 0.063* 3.23 

Adj R-Square 0.025  0.052  0.053  0.482  

*p<.01  

 

N= 24,000. The dependent variable is the logarithm of Average Total Pages Viewed in 

millions. 

# After adding monthly data as an independent variable, it was found that there were no 

significant effects on Beta values. To see the effects of month, refer to appendix. 
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Table 3: Regression Models to Explain DJ in Long Tail with Log Avg. TS as DV 

 

 

Beta 

(1) 

T 

 

Beta 

(2) 

T 

 

Beta 

(3) 

T 

 

Beta 

(4) 

T 

 

Unique (Log) 0.262** 33.07 0.264** 33.27 0.266** 33.49 0.083** 14.23 

News   -0.084** -9.82 -0.084** -9.87 -0.115** -18.60 

Lifestyle   -0.125** -11.28 -0.125** -11.28 -0.084** -10.43 

Sports   0.167** 8.61 0.166** 8.57 -0.035** -2.47 

Month     # # # # 

Visits (Root)       0.536** 147.14 

Control         

Intercept -.052* -1.98 -0.040 -1.51 -0.058 -2.05 -0.309* -14.83 

Adj R-Square 0.043  0.055  0.056  0.503  

* p<.05 

**p<.01  

N= 24,000. The dependent variable is the logarithm of Average Total Minutes in millions. 

# After adding monthly data as an independent variable, it was found that there were no 

significant effects on Beta values. To see the effects of month, see tables in appendix. 

 

Table 4: Regression Models to Explain DJ in Long Tail with Log Page Views as DV 

 

 

Beta 

(1) 

T 

 

Beta 

(2) 

T 

 

Beta 

(3) 

T 

 

Beta 

(4) 

T 

 

Unique (Log) 1.192* 154.56 1.204* 157.55 1.205* 157.37 1.033* 178.22 

News   -0.198* -24.05 -0.199* -24.09 -0.228* -37.28 

Lifestyle   -0.128 -12.02 -0.128* -12.02 -0.089* -11.32 

Sports   0.058 3.11 0.057 3.07 -0.132* -9.47 

Months     # # # # 

Visits (Root)       0.504 140.72 

Control         

Intercept -2.688* -103.8 -2.691* --105.1 -2.700* -97.85 -2.93 -143.2 

Adj R-Square 0.498  0.512  0.513  0.733  

*p<.01  

 

N= 24,000. The dependent variable is the logarithm of Total Pages Viewed in millions. 

# After adding monthly data as an independent variable, it was found that there were no 

significant effects on Beta values. To see the effects of month, refer to appendix. 
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Table 5: Regression Models to Explain DJ in Long Tail with Log Time Spent as DV 

 

 

Beta 

(1) 

T 

 

Beta 

(2) 

T 

 

Beta 

(3) 

T 

 

Beta 

(4) 

T 

 

Unique (Log) 1.248* 159.81 1.249* 160.09 1.251* 160.03 1.07* 186.94 

News   -0.079* -9.40 -0.080* -9.47 -0.111* -18.31 

Lifestyle   -0.127 -11.70 -0.127* -11.69 -0.086* -11.02 

Sports   0.162 8.51 0.161 8.45 -0.038* -2.77 

Month     # # # # 

Visits (Root)       0.531 150.37 

Control         

Intercept -2.998* -114.3 -2.984* -114.1 -3.008* -106.8 -3.25 -160.9 

Adj R-Square 0.516  0.522  0.522  0.754  

*p<.01  

N= 24,000. The dependent variable is the logarithm of Total Minutes in millions. 

# After adding monthly data as an independent variable, it was found that there were no 

significant effects on Beta values. To see the effects of month, see tables in appendix 

 

 

Table 6(a): Effect sizes corresponding to model (3) in Table 3 

Unique (Log) News Lifestyle Sports Visits (Root) Month 

 

0.205 

 

0.632 

 

0.744 

 

1.140 

 

N/A 

 

# 

 

 

Table 6(b): Effect sizes corresponding to model (4) in Table 3  

Unique (Log) News Lifestyle Sports Visits (Root) Month 

 

0.033 

 

0.592 

 

0.814 

 

0.729 

 

2.191 

 

# 

 
Table 7(a): Effect Sizes corresponding to model (3) in Table 4 

Unique (Log) News Lifestyle Sports Visits (Root) Month 

 

1.845 

 

0.824 

 

0.749 

 

1.465 

 

N/A 

 

# 

 

 

Table 7(b): Effect Sizes corresponding to model (4) in Table 4  

Unique (Log) News Lifestyle Sports Visits (Root) Month 

 

1.210 

 

0.767 

 

0.824 

 

0.922 

 

2.435 

 

# 
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Table 8(a): Effect sizes corresponding to model (3) in Table 5 

Unique (Log) News Lifestyle Sports Visits (Root) Month 

 

1.205 

 

0.632 

 

0.744 

 

1.14 

 

N/A 

 

# 

 

 

Table 8(b): Effect sizes corresponding to model (4) in Table 5  

Unique (Log) News Lifestyle Sports Visits (Root) Month 

 

1.033 

 

0.591 

 

0.814 

 

1.14 

 

2.191 

 

# 

 

 

Table 9(a): Effect sizes corresponding to model (3) in Table 6 

Unique (Log) News Lifestyle Sports Visits (Root) Month 

 

1.251 

 

0.830 

 

0.746 

 

1.448 

 

N/A 

 

# 

 

 

Table 9(b): Effect sizes corresponding to model (4) in Table 6  

Unique (Log) News Lifestyle Sports Visits (Root) Month 

 

1.07 

 

0.774 

 

0.820 

 

0.916 

 

2.396 

 

# 
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Appendix 

 

 
1) Average-User Model 4 to Explain DJ in Long Tail with Log Avg. TS as DV 

 

 
 

Summary of Fit 

    

RSquare 0.50407 

RSquare Adj 0.503739 

Root Mean Square Error 0.326716 

Mean of Response 0.823545 

Observations (or Sum Wgts) 23999 

 

Parameter Estimates 

Term   Estimate Std Error t Ratio Prob>|t| 

Intercept   -0.309207 0.02085  -14.83 <.0001* 

Log Unique  0.0839981 0.005902 14.23 <.0001* 

Lifestyles    -0.084118 0.008068  -10.43 <.0001* 

News/Information    -0.115834 0.006228  -18.60 <.0001* 

Sports   -0.035024 0.01419  -2.47 0.0136* 

January   -0.00581 0.010332  -0.56 0.5739 

February   -0.003026 0.010337  -0.29 0.7697 

March   -0.013523 0.010334  -1.31 0.1907 

April   -0.012613 0.01034  -1.22 0.2226 

May   -0.014665 0.010343  -1.42 0.1563 

June   -0.005866 0.01035  -0.57 0.5709 

July   -0.004025 0.010344  -0.39 0.6972 

August   -0.034919 0.010335  -3.38 0.0007* 

September   -0.01523 0.01034  -1.47 0.1408 

October   -0.007716 0.010333  -0.75 0.4553 

November  0.0061754 0.010333 0.60 0.5501 

Root Visits  0.5364723 0.003646 147.14 <.0001* 
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2) Average-User Model 4 to Explain DJ in Long Tail with Log Avg. PV as DV 

 

Actual by Predicted Plot 

 
 

Summary of Fit 

   

RSquare 0.482498 

RSquare Adj 0.482174 

Root Mean Square Error 0.320097 

Mean of Response 0.953997 

Observations (or Sum Wgts) 23999 

 

Parameter Estimates 

Term   Estimate Std Error t Ratio Prob>|t| 

Intercept  0.0636695 0.01973 3.23 0.0013* 

Log Unique  0.0338334 0.005782 5.85 <.0001* 

Lifestyles    -0.089603 0.007905  -11.33 <.0001* 

News/Information    -0.227984 0.006102  -37.36 <.0001* 

Sports   -0.131827 0.013903  -9.48 <.0001* 

January   -0.007523 0.008767  -0.86 0.3908 

February   -0.012642 0.008771  -1.44 0.1495 

March   -0.019092 0.008768  -2.18 0.0294* 

April   -0.016125 0.008774  -1.84 0.0661 

May   -0.019392 0.008776  -2.21 0.0271* 

June   -0.01627 0.008783  -1.85 0.0640 

July   -0.01171 0.008777  -1.33 0.1821 

August   -0.022139 0.008769  -2.52 0.0116* 

September   -0.015242 0.008773  -1.74 0.0823 

October   -0.013499 0.008767  -1.54 0.1236 

Root Visits  0.5039337 0.003572 141.07 <.0001* 
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3) Website-Aggregate Model 4 to Explain DJ in Long Tail with Log PV as DV 

 

Actual by Predicted Plot 

 
 

Summary of Fit 

    

RSquare 0.733155 

RSquare Adj 0.732977 

Root Mean Square Error 0.321269 

Mean of Response 1.289554 

Observations (or Sum Wgts) 23999 

 

Parameter Estimates 

Term   Estimate Std Error t Ratio Prob>|t| 

Intercept   -2.935626 0.020502  -143.2 <.0001* 

Log Unique  1.0343491 0.005803 178.24 <.0001* 

Lifestyles    -0.089842 0.007934  -11.32 <.0001* 

News/Information    -0.228469 0.006125  -37.30 <.0001* 

Sports   -0.1324 0.013954  -9.49 <.0001* 

January   -0.010344 0.01016  -1.02 0.3086 

February   -0.01526 0.010165  -1.50 0.1333 

March   -0.021732 0.010162  -2.14 0.0325* 

April   -0.018672 0.010168  -1.84 0.0663 

May   -0.023325 0.010171  -2.29 0.0218* 

June   -0.018823 0.010177  -1.85 0.0644 

July   -0.014235 0.010171  -1.40 0.1617 

August   -0.023731 0.010163  -2.34 0.0196* 

September   -0.01838 0.010168  -1.81 0.0707 

October   -0.016503 0.010161  -1.62 0.1044 

November   -0.005707 0.01016  -0.56 0.5744 

Root Visits  0.5045385 0.003585 140.73 <.0001* 
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4) Website-Aggregate Model 4 to Explain DJ in Long Tail with Log TS as DV 

 

Actual by Predicted Plot 

 
 

Summary of Fit 

   

RSquare 0.754776 

RSquare Adj 0.754611 

Root Mean Square Error 0.317007 

Mean of Response 1.167025 

Observations (or Sum Wgts) 23902 

 

Parameter Estimates 

Term   Estimate Std Error t Ratio Prob>|t| 

Intercept   -3.261318 0.020268  -160.9 <.0001* 

Log Unique  1.0722372 0.005735 186.98 <.0001* 

Lifestyles    -0.086389 0.007838  -11.02 <.0001* 

News/Information    -0.111148 0.006061  -18.34 <.0001* 

Sports   -0.038383 0.013769  -2.79 0.0053* 

January   -0.00352 0.010034  -0.35 0.7258 

February   -0.001331 0.010043  -0.13 0.8945 

March   -0.012863 0.010032  -1.28 0.1998 

April   -0.010338 0.010041  -1.03 0.3032 

May   -0.014128 0.010043  -1.41 0.1595 

June   -0.003522 0.010055  -0.35 0.7261 

July   -0.001559 0.010048  -0.16 0.8767 

August   -0.016521 0.010067  -1.64 0.1008 

September   -0.002492 0.01006  -0.25 0.8043 

October   -0.006331 0.010034  -0.63 0.5281 

November  0.0085521 0.010033 0.85 0.3940 

Root Visits  0.5323483 0.00354 150.39 <.0001* 

 


