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Abstract

As policymakers and scholars debate the impact of the Web on democratic discourse, one
crucial question has remained unanswered: out of the millions of politically-relevant sites online,
how many do citizens actually use?

To gather evidence on this question, we examine the link structure surrounding political Web-
sites. We show that the number of hyperlinks a site receives is highly correlated with site traffic
and is a key determinant of search engine ranking. In the first large-scale survey of online politi-
cal content, we download and classify millions of Web pages. Links within political communities
follow highly-concentrated power law distributions focused on a few hyper-successful sites.

The level of concentration we find in links and site traffic—both overall and within political
communities—is comparable to or even greater than that found in traditional media. This fact

challenges much of the conventional wisdom about the Internet’s influence on political life.
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1 Introduction

Social scientists and policymakers have speculated much in the past decade about the World Wide
Web’s impact on democratic politics—and yet they have almost never considered the link structure
of the medium. This omission is a critical one. Hyperlinks are the defining feature of the Web, the
strands that, collectively, weave the Web together. The interlocking patterns hyperlinks form are the
reason the medium was named “the Web” in the first place.

Consequently, the link structure of the Web contains an enormous quantity of useful information.
Most users see a tangible demonstration of this fact on a daily basis: PageRank, the ranking algorithm
which powers the Google search engine, relies largely on the link structure of the Web to order its
results. Other search engines, such as Yahoo, also pay a great deal of attention to link structure.

In this paper, we argue at length that the link structure of the Web can help us approximate the
relative visibility, and the relative traffic, of political Web sites, even in the absence of cross-sectional
data about the sites surfers visit. The reason for this is simple: as we show, the number of links pointing
to a site is highly correlated with both its ranking in search engines, and the number of visitors that
the site ultimately receives. The number of links that a site accumulates is evidence of both which sites
matter for mass politics, and how much relative weight each site has earned.

The link topology of the Internet thus allows us to draw a rough map of how the attention of
citizens is distributed across different sources of online information. Using cutting-edge techniques
borrowed from computer science, we explore millions of Web pages, looking at topical clusters of Web
sites focused on a wide variety of subjects: congress, general politics, abortion, the presidency, the
death penalty, and gun control. In every case, the distribution of links within each community of sites
follows a power law, where a small set of hyper-successful sites receives the vast preponderance of the
links.

Using both our data on links, and link and traffic data from other sources, we then compare
patterns of online concentration with those found in radio, television, and print media. We find that
the winners-take-all pattern that defines online content seems to be at least as great as that found in
more traditional media.

Why does this matter? Because most debates about the Web’s impact are at root debates about

online audience concentration. Scholars have reached very different conclusions about the Web’s po-



litical influence. Some scholars have focused on the Web’s ostensible ability to alter the economy of
political information—by allowing anyone to post political messages on a medium with worldwide
reach, and by lowering the cost of retrieving that political information, the claim has been that the
Web would alternately spur greater political engagement or balkanize public discourse. Others have
argued that the digital divide, Americans’ general lack of interest in politics, and the movement of
traditional media outlets and interest groups online undermine the transformative power of the new
medium.

The data we present on a winners-take-all Web challenges the foundational assumptions of both of
these lines of scholarship. Claims that the Web would balkanize politics, or that it would inspire greater
civic engagement, have rested on the notion that the Web would steer citizens toward a more diverse
set of sources for political information. Our data suggests that this assumption is precisely backwards.
Both over the entire Web and within defined communities of political sites, lowering formal barriers to
entry seems to have been accompanied by concentration rather than dispersion.

At the same time, data on the structure of the Web challenges those who have been skeptical that the
Web will transform mass politics. The patterns we observe suggest that skepticism is justified, though
on different and ultimately more fundamental grounds than previous scholars have acknowledged. The
subtext of much research on politics and the Web is “if only”—if only traditional media outlets had
not made the jump online, or if only all users had equal access to the Internet and greater information
literacy, or if only more citizens had the motivation to participate in politics, then the Web would
succeed in “democratizing” the flow of political information. If not for these limiting factors, citizens
would be consume political information from a much broader set of sources.

Our research suggests that none of this scholarship gets at the central point. We submit that, even
if one could wave a magic wand to fulfill all of the above conditions, the hierarchical structure of
links on the Web would continue to sharply limit what citizens see. Some scholars have made much
of the open technical standards which run the 'Net, the “end-to-end” architecture which allows each
computer online to connect to any other. But it is the link architecture of the Web which is really
important—the links that provide paths to surfers, that underly search engine rankings, and that
ultimately funnel citizens to a small set of winning sites within each online niche. As the Web becomes

an increasingly important channel for political messages, political scientists must understand how link



structure powerfully influences how citizens interact with the Web.

1.1 Article Structure

The argument of this paper is presented in four main parts. First of all, we lay out the stakes of this
research in greater detail. In a discussion intended to be suggestive rather than comprehensive, we look
at scholarly debates about the Internet’s political impact. There have been longstanding arguments
about whether the Internet will shift citizens’ attention away from a small set of traditional news
outlets, interest groups, and opportunities for self-expression. Measuring the concentration of online
audiences provides an important test of this assumption.

Second, we explain why the number of links to a site is, in the aggregate, a good proxy for the
relative visibility of Web sites. There are only two ways to find new content online: users can either
surf to new content by following links, or they can use a search tool like the Google search engine. This
section explains that both methods direct Web traffic to sites with the greatest number of inbound
hyperlinks. We present data showing that, unsurprisingly, the number of links pointing to a site proves
to be highly correlated with the number of visitors the site receives.

Third, we measure the distribution of links within a diverse set of political communities. The
methodology we use is innovative, involving both automated “robots” to crawl and download millions
of Web pages, and highly-reliable learning algorithms to classify Web content. This analysis shows that
political communities on the Web are highly concentrated: in every case a relatively small set of sites
receives most of the links.

Fourth, we compare the highly-concentrated link structures we find in online political communities,
along with previously-available data on Web traffic, to concentration patterns in traditional media.
While we deliberately defer difficult and subjective questions about whether the diversity we find in
online communities is “enough,” in relative terms the answer is clear: viewed from a national level, the
concentration we find online is at least equal to that found in most traditional media.

While our discussion of the normative political consequences of the structures we find is by necessity
exploratory and brief, we suggest that the results should be mixed. The good news, from the perspective
of democratic theory, is that highly concentrated communities are easier for most citizens to navigate.

If our central concern is to enable the least-sophisticated citizens to find relatively high-quality political



information, we could do worse than directing citizens overwhelmingly to a few mainstream sites.

The larger and unmistakable conclusion, however, is that the Web is far less open than scholars have
hoped or feared. The popular wisdom that the Web is a “narrowcasting” or “pointcasting” medium
may thus be misguided; our data suggests that Web audiences are just as concentrated as those for
for print and broadcast media. For those scholars concerned about Web-fueled balkanization, this new
understanding should assuage their fears. But for those who believe that narrowcasting will transform
politics, the link structure and traffic patterns on the Internet defy these expectations.

Ultimately, this research provides more questions than answers. The link structure of the Web
shows us that the medium is not as we first imagined it to be. Thinking through the implications of

this new data, and reconciling it with previous scholarship, will be a continuing task.

2 Scholars, Policymakers, and Online Concentration

Before we present new data on concentration within online political communities, we must explain why
concentration is something scholars should be concerned with in the first place. Why should we care if
the structure of the Web surrounding an online political community sends citizens to 2 sites, 20 sites,
or 200 sites?

The answer is simple: most debates about the Web’s impact on politics are, at bottom, debates
about audience concentration. For many political scientists—mnot to mention a few high-ranking public
officials—the lesson of the Internet is that broadcasting’s days are numbered. The Web’s potential to
decentralize where citizens get their political information is the reason they became interested in the
medium in the first place.

Centralization on the Web has been a crucial point of dispute in previous scholarship, with some
arguing that the Web should be markedly more decentralized than older media, and others assuming
that concentration patterns should be comparable to those in the offline world. The third possibility—

that that the Web might be more concentrated than traditional media—has rarely been considered.

2.1 Narrowcasting and Media Diversity

The importance of debates over online concentration has played out not just in the academy, but in the

most visible arenas of public policy. On June 2, 2003, the Federal Communications Commission voted to



loosen restrictions on media ownership which dated back to the early 1940s. Asked about the reasoning
behind this change, commission chairman Michael K. Powell explained that the Internet represented
a seismic shift in the contemporary mediascape: “What’s happening now is that technology creates
many different platforms and means of distributing news and content in a way that’s more dynamic
and diverse, as opposed to [a time] when I say to my kids, ‘Sit down at 7 p.m., turn on Walter Cronkite,
we’ll get our news and go to bed’ ” (Manjoo 2003).!

The controversy surrounding the FCC decision caused some to question the commission’s real
motives. But for those inclined to take a cynical view of the proceedings, one should remember that
mainstream political scientists have long made far more extreme statements about how the Internet
changes the media environment for citizens. Actual data on the structure of the Web can provide a
test of those assumptions, and help revise our understanding of the Web’s most basic characteristics.

For our purposes, it is useful to divide scholarship on the Web into three camps: cyberoptimists,
who think that the Web will change politics for the better; cyberpessimists, who think that the Web
will change politics for the worse; and cyberskeptics, who argue that for politics the Web will not
change much of anything.?

The optimists and pessimists disagree about many things, but both schools have argued repeatedly
that the Internet is not a mass medium. In their view, as in Chairman Powell’s, the Web represents a
fundamental shift from broadcasting to “narrowcasting,” where content is not produced for the general
public but tailored for a much smaller audience. Cass Sunstein believes that we are fast approaching
a future where “Technology has greatly increased people’s ability to filter’ what they read, see and
hear. General interest newspapers and magazines are largely a thing of the past. The same is true of
broadcasters” (Sunnstein 2001, p. 3). With citizens getting their political information from countless
unreliable and polarizing sources, Sunstein argues, the Web means that democratic discourse will
become a balkanized mess. In the same vein, Andrew Shapiro worries that online echo chambers of
like-minded citizens will undermine public discourse and make collective decisionmaking impossible
(Shapiro 1999). Joseph Nye suggests that “the demise of broadcasting and the rise of narrowcasting

may fragment the sense of community and legitimacy that underpins central governments” (Karmark

'Public outcry caused the most important parts of the FCC decision to be rescinded by the U.S. Congress. Yet
notions about the Internet’s openness continue to be be a key justification of the FCC’s policies. In the wake of key court
decisions and the newly-announced policy, the FCC created a formula to measure and formalize the level of diversity
within a media market. The FCC’s formula places a large weight on the Internet as a source of diversity.

2This taxonomy follows to Norris 2001.



and Nye 2002, p. 10).
Though other scholars are more hopeful about the future of democratic practice, they often agree

that the Web will lead citizens to a greater diversity of political information. As Lupia and Sin suggest,

The World Wide Web [...] allows individuals—even children—to post, at minimal cost,
messages and images that can be viewed instantly by global audiences. It is worth remem-
bering that as recently as the early 1990’s, such actions were impossible for all but a few
world leaders, public figures, and entertainment companies—and even for them only at
select moments. Now many people take such abilities for granted (Lupia and Sin 2003).

Lupia and Sin’s arguments about collective action rely on the assumption that, thanks to the Internet,
the attention of the public will be more dispersed. After all, the ability of citizens to post content
online means little if that content is not seen by others.

In the political science literature, concerns about balkanization are closely connected to an older
set of worries about the personalization of information preferences.? Ithiel de Sola Pool argued in the
early 1990’s that excessive personalization of media content was a pressing problem for democratic
theory, and one that required creative policy solutions (de Sola Pool 1993). Lance Bennett concurred,
arguing that the subsequent emergence of the Internet as a mass medium fulfilled much of what de
Sola Pool had prophesied. Declared Bennett, “The capacity to submit and refine personal information
preferences already exists in the search engines and information sites of the Internet. Future research
and policy analysis must address how ever more personalized preferences can be accommodated in
collective decision making” (Bennett 1998, p. 757).

In other ways, too, audience concentration directly impacts theories of political participation in
the digital age. One longstanding hope has been that information technology would help overcome
geographic barriers and solve the Madisonian dilemma of deliberation and participation in an extended
republic (Dahl 1989, Barber 1984). However, a highly concentrated Web would likely make it hard for
all but a few “ordinary citizens” to post their views prominently—and, conversely, to read the views
of other ordinary citizens—except on a small number of prominent sites. Most political speech posted

online would be hidden by countless other Web pages.

3Personalization of content includes not just diversity in the sources citizens turn to for political information, but
increasing selectivity within those sources—for example, filtering the news received from a broad Web portal to focus
only on a few topics particular interest. In the context of the scholarship described here, however, source diversity is the
most important concern.



2.2 Cyber-Skeptics

Notions that the Web would alter the political information consumption of citizens have never been
universally accepted. Partly, skepticism has come out of literature on the so-called “digital divide.”
There has been persistent evidence over the past decade that access to the Web follows existing
social cleavages. Even as the pool of users has expanded dramatically, disadvantaged groups—blacks,
Hispanics, the poor, the elderly, the undereducated, those who live in rural areas—have lagged behind
in their access to and use of the Net (NTIA 2000, 2002, Bimber 2000, Wilhelm 2000). Other scholars
have shown that the skills that users need to use the Web effectively are similarly stratified (Hargittai
2003, DiMaggio and Hargittai 2001, Norris 2001).

Demographics and disparities in user skill are not the only impediments that scholars have pointed
to. Doris Graber argued early on that most citizens would continue to focus on a small set of outlets,
because “little [political information] has been added that is genuinely new or that enriches the in-
formation supply beyond the offerings of the far smaller circle of ‘old media’ 7 (Graber 1996, p. 33).
Other scholars argued that the quick migration of traditional outlets onto the Web helped short-circuit
the shift to a broader, more diverse set of political sources (Davis 1998, Bimber 2003, Davis and Owen
1998). The default assumption in this school of scholarship has been that the online media environment
should closely resemble the offline one, and that concentration on the Web should follow the existing
patterns seen in print and broadcasting.

These same scholars, noting the movement of traditional media online, have also unanimously raised
questions about the political motivations of users. Survey data consistently shows that most Americans
pay little attention to politics. Norris labels this divide between the engaged and the disaffected the
“democracy gap,” and suggests that it works to constrain the number and diversity of political sites
that citizens use (Norris 2001).

For scholars who think that the Web will dramatically alter politics, and for those who do not,
audience concentration online has thus been a central issue. Everyone agrees that the Internet provides
citizens with an unprecedented array of politically relevant information. Yet the question remains:
with millions of new information sources at their disposal, how many will citizens actually use? Is the
information the public consumes online as diverse in practice as it is supposed to be in theory? How

far have we really come from the Cronkite era? The link structure of the Web can help us evaluate



this questions, even in communities which are too small or too socially unpopular to study with cross-

sectional data.

3 What Link Structure Can Tell Political Scientists

The previous section discusses the ways in which scholarly debates about the Web’s impact on politics
depend critically on assumptions about the concentration of online audiences. We now explain why
the number of links pointing to a site provides a good, if rough, measure of the relative popularity of
political Websites.

We begin, first, by reviewing previous scholarship on link structure and traffic patterns for the Web
as a whole. Second, we discuss search engine algorithms and patterns of Web surfing. Using a search
engine, or surfing away from known sites, are in practice the only ways that users can find new content.
We show that both methods funnel users to the sites that have the greatest number of inbound hy-
perlinks. Finally, to confirm these theoretical conclusions, we present data on the relationship between
the number of links pointing to a site and the number of visitors that site receives. As we expect, the

correlation is high.

3.1 The Link Structure of the Web

The structure of the Web has been a remarkably fertile area of scholarship in recent years. Though
most of this work has been done by computer scientists and applied physicists, the striking patterns
they have found in the apparent chaos of the Web should give political scientists cause to rethink the
Web’s political implications.

In looking at the structure of the Web, the central finding is that links between sites obey very
strong statistical regularities. Over the entire Web, the distribution of both inbound and outbound
hyperlinks follows a power law or scale-free distribution (Barabasi and Albert 1999, Kumar et al. 1999).
More precisely, the probability that a randomly selected Web page has K links is proportional to K¢
for large K.

Data follow a power law distribution when the size of an observation is inversely and exponentially
proportional to its frequency. For example, the distribution of wealth, as Pareto famously explained,

is a power law distribution, where 20% of the population controls 80% of the wealth (Pareto 1897).



Numerous other social and natural phenomena follow this pattern as well, from earthquakes to intracell
protein networks, from the size of firms to the size of cities, from the severity of wars to the number
of sexual contacts (Huberman 2001, Krugman 1994, Cederman 2003, Liljeros et al. 2001).

As the diverse scholarship related to power laws demonstrates, power law structures can be gen-
erated by very different underlying processes. But in every case, a power law distribution leads to
remarkably inegalitarian outcomes. To get a sense of just how extreme these results can be in practice,
imagine a hypothetical community where wealth is power-law distributed. At one end of the spectrum,
there is one millionaire, ten individuals worth at least 100 thousand dollars, a hundred people worth
10 thousand dollars, and a thousand people worth at least a thousand dollars. At the opposite end
of the spectrum, 1,000,000 people have a net worth of $1. In this hypothetical community, wealth is
distributed in proportion to the function K~¢, where o = 1.

In the context of the Web, studies have found the online environment to be far more concentrated
even than the hypothetical example above, generating values of a =~ 2.1 for inbound hyperlinks, and
a = 2.72 for outbound hyperlinks (Kumar et al. 1999, Barabasi et al. 2000, Lawrence and Giles 1998,
Faloutsos, Faloutsos and Faloutsos 1999).* A few popular sites (such as Yahoo or AOL or Google)
receive a large portion of the total links; less successful sites (such as most personal Web pages) receive
hardly any links at all.

That’s not all. Traffic, like link structure, follows a power-law distribution with roughly the same
parameters (Huberman et al. 1998, Adamic and Huberman 2000). There is thus a small set of sites
that receive most of the links, and a small set of sites that receive most online visitors. For the purposes
of this paper, it is important to demonstrate that these two groups are in fact one and the same.

We do this in two ways. In the next sections, we explain why the number of links pointing to a site is
such a powerful predictor of traffic: both surfing patterns and search engines send users overwhelming
to the sites that have accumulated the most links. Then, we test this theoretical expectation in practice,

examining data on the correlation between links and site traffic.

4Barabasi et al. and Kumar et al. seem to disagree on the value of o for outgoing hyperlinks; Barabasi et al. propose
a value of o = 2.4. This scholarship also shows that these parameters have been highly stable over time, even as the
Web has undergone explosive growth.
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3.2 Finding Online Information

Before one can visit a Web site, one must be able to find that site in the first place. Sites that are
already known can be visited just by typing in the URL or by using a bookmark within a Web browser.
Content the user has not previously seen, however, can be found in only two ways. First, it can be
discovered by surfing away from known sites; or second, it can be found with the help of online search
tools such as Google or the Yahoo directory service. In both cases, the number of inbound hyperlinks
turns out to be a crucial determinant of a Web page’s visibility.

Much of the association between inbound links and traffic is simple: hyperlinks exist to be followed.
The more hyperlinks there are to a given site, the more chances users on connecting sites have to follow
them. In the aggregate, more paths to a site means more traffic.

What is true for the behavior of individual surfers is doubly so for search engines. Even when the
underlying ranking algorithm is far more complex, search engines in practice rank sites by the number
of inlinks they receive. With search engines, too, users end up at sites with lots of links.

To understand why this is the case, consider the recent history of the Google search engine. The first
generation of search engines, such as Alta Vista, focused on keyword density and other characteristics
found within individual Web pages. Google’s contribution was to take a broader view, and use the
connections between different Web sites to find the best content. Brin and Page developed PageRank,
a recursive algorithm in which sites which receive lots of links, from other sites that receive lots of links,
are the ones ranked most highly (Brin and Page 1998, Pandurangan, Raghavan and Upfal 2002). In
essence, sites are ranked in a popularity contest, in which each link is a vote, and the votes of popular
sites carry more weight.?

Both surfing away from known sites and the use of search tools thus privilege the same set of Web
pages. Sites which are heavily linked to by other sites become prominent; most other sites are likely to
be ignored.

According Nielsen/Netratings, the Google and Yahoo search engines together control more than 95

percent of the search engine market.® One might think that a less concentrated search engine market

5As time has passed, Google has increasingly incorporated other factors into its rating algorithm. Though these
refinements make it harder to manipulate search engine results, they make only modest changes in the overall rankings—
particularly in the first few pages of search results. Even today, PageRank and other measures of link structure continue
to be the backbone of Google’s ranking system.

SFebruary 2004 data show that the Google engine powered 49.7 percent of U.S. searches, including AOL searches
performed using Google’s licensed technology. The Yahoo engine provided 45.4 percent of the search results for the U.S.
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would help ensure diversity in the content seen. But in truth, the popularity contest dynamics we
see with PageRank are difficult to avoid. The HITS algorithm is one widely-known alternative to
PageRank, and uses the mutually reinforcing structure of “hubs” and “authorities” to rank results
(Kleinberg 1999, Marendy 2001). But Ding et al. show that despite the fact that the HITS approach
is “at the other end of the search engine spectrum” from PageRank, it ranks the same set of sites first.
Indeed, both engines—and any likely competitors—produce results that are hardly different than just
ordering sites by the number of inlinks they receive (Ding et al. 2002).

This research thus explains why, though Yahoo's algorithm is different than Google’s, in practice
it produces nearly identical results. No matter which search engine is used, the small number of sites

with large numbers of inbound hyperlinks are returned first.

3.3 The Relation Between Inbound Links and Web Traffic

To recap: we know that over the entire Web both traffic and links are power-law distributed. We also
have strong theoretical reasons to believe that traffic will be driven to heavily-linked sites. But how
close is the relationship between link structure and site visits in practice?

Both our own analysis and that of other researchers suggests that, in the aggregate, the link is
reasonably strong. First, Dr. Lada Adamic of Hewlett Packard Laboraties provided us with on data on
links to Web sites along with the number of visitors these sites receive. The site visit data are from a
randomly-selected, anonymized set of users from a large Internet service provider. They include visits
by 60,000 users to 120,000 sites; the link data for visited sites is provided by Alexa.

In this data, the number of hyperlinks pointing to a site and the number of visits it receives are
highly correlated, generating a correlation coefficient of .704. The raw number of hyperlinks pointing
to a site does seem to a good predictor of its traffic.

Recent data also shows that the connection between links and traffic is equally strong within defined
subcommunities of the Web. In the past few years the Weblog community has become an important
part of online political discourse. Several sites track the number of links that each of these online
journals receive from other Weblogs. Importantly, a large number of Weblogs also use sitemeter.com

to track visitors, providing a consistent comparative measure of site traffic.

market, including results for Microsoft’s MSN.com portal site (Nielsen-Netratings 2004).
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Using this data, researchers have shown that links and traffic have roughly the same level of
correlation within Weblogs as in the earlier data on the Web as a whole (Shirky 2004). As we might
expect with this power law data, links are best at predicting the traffic of popular sites.

The number of inbound hyperlinks to a Web site is strongly associated with its overall traffic. But do
political sites on the Web follow a power-law distribution? While the global properties of the Internet
are quite clear, subgroups of sites seem to diverge quite significantly from the overall pattern. Within
specific categories of sites—for example, sites for publicly listed companies, university homepages,
and newspaper homepages—researchers have found that the distribution of hyperlinks obeys a less
extreme, roughly log-normal distribution (Pennock et al. 2002). However, these communities that have
been found to deviate from the expected distribution have done so to widely differing degrees. It is
unclear whether we should expect subcategories of political sites to be among them.

The ultimate conclusion is that the Web’s ability to present a broad range of sources for political
information depends on the link structure found among subgroups of political Web sites. Still, the only
way to understand the extent and structure of political information online is to measure it directly.

The next section proposes methodology to do exactly that.

4 The Link Structure of Online Political Communities

We have explained both why online audience concentration is a central concern for political scientists,
and why the number of links pointing to a site can serve as a proxy for the number of visitors that site
receives. The next step is to put this understanding to use, by measuring the link structure surrounding
political Web sites. The central goal is to draw a rough map of how concentrated these categories of

political content look from the perspective of the average user.

4.1 Methodology: What Does the Average User See?

The methodology we use in this paper surveys the portions of the Internet that an average user is likely
to encounter while looking for common types of political information. It is explicitly not an attempt
to map every political site online, or even every political site in a given category. The purpose is not
to overcome the limitations imposed by the scale of the Web; rather, it is to demonstrate the biases

those limitations introduce in the number and types of sites encountered by typical users.
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The research design we have chosen comes out of a large body of established computer science
research. (Part of that research is summarized in the “Appendix on Methodology” at the end of the

article.) The methodology we implement has four main parts:

1. Create 12 lists of 200 highly-ranked “seed sites” in a variety of political categories. Six categories
are chosen; in each category, one list is taken from Google search engine results, and one is taken

from the Yahoo directory service.

2. Build Web robots to crawl outward from these 200 sites, following every link in turn, 3 links deep.
For each crawl, this requires downloading approximately 250,000 HTML pages, or approximately
3,000,000 pages total.

3. Classify these downloaded pages using Support Vector Machine (SVM) algorithms, to see whether
newly encountered pages are relevant to the given category—if, for example, a page discovered
by crawling away from gun control sites also focuses on gun control. Those pages that do belong

in a particular category are classified as “positive.”
4. For each of the 12 crawls, analyze the distribution of inlinks within the set of “positive” sites.

In this research we compare the relative level of concentration across a diverse set of communities
focusing on politics. Ultimately, six categories of Web sites were chosen: abortion, gun control, the
death penalty, the U.S. congress, the presidency, and the catchall category of “general politics.”

It is clearly infeasible to classify the downloaded Web pages with human coders. Even if one could
classify 120 Web sites an hour, it would take an individual working 8 hours a day 10 years to classify
3,000,000 pages. Human categorization also raises questions of bias and subjectivity.

To solve this problem, we classify these Web sites automatically using Support Vector Machines, or
SVMs. (The technical operation of SVMs are described in the Appendix.) The SVM classifier produces
highly reliable categorization of relevant Web pages. Most importantly, it produces very few false
positives. Randomized human coding of SVM-classified sites shows that approximately 98 percent of
sites in the positive set are correctly classified.

The choice of seed sites is obviously an important one. Not only does this set of sites determine
the starting point for the Web crawlers, and thus the area of the Web which is ultimately crawled,

these sites are also used to teach the Support Vector Machines to recognize relevant content. We
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Downloaded Topical (SVM) SVM unsure

Abortion (Yahoo) 222,987 10,219 717

Abortion (Google) 249,987 11,733 1,509
Death Penalty (Yahoo) 212,365 10,236 1,572
Death Penalty (Google) 236,401 10,890 938

Gun Control (Yahoo) 224,139 12,719 1,798
Gun Control (Google) 236,921 13,996 1,457
President (Yahoo) 234,339 21,936 2,714
President (Google) 272,447 16,626 3,470
U.S. Congress (Yahoo) 215,159 17,281 2,426
U.S. Congress (Google) 271,014 21,984 4,083
General Politics (Yahoo) 239,963 5,531 1,481
General Politics (Google) 341,006 39,971 10,693

Table 1: This table illustrates the size of the Web graph crawled in the course of our analysis, as well as
the number of sites that the SVM classifiers categorized as positive. The first column gives the number
of Web pages downloaded. Columns two and three give the number of pages which are classified by the
SVM as having content closely related to the seed pages, as well as the pages about which the SVM
was hesitant.

were initially concerned that there may be systematic biases between human-categorized content and
the sorts of machine-categorized content returned by search engines. Therefore, in each category, we
analyze both seed sets generated by Google, and seed sets taken from the human-categorized Yahoo
directory. Ultimately, both the Google and Yahoo seed sets lead to the same conclusions.

For the Web as a whole, we know that approximately 75 percent of user search behavior terminates
without going deeper than three links (Huberman et al. 1998; discussion in Appendix). Therefore, we
are confident that these techniques capture most of the material accessible from Google or Yahoo in a

given issue area.

4.2 Results

The six political topics examined are quite different from one another, and our research design intro-
duces numerous sources of potential heterogeneity. The level of consistency in our results, therefore, is
all the more striking. All twelve of the crawls reveal communities of Web sites with similar organizing
principles and similar distributions of inbound hyperlinks.

First, let us examine the scope of the project. Table 1 lists the number of pages downloaded, as
well as the results of the SVM classification. The size of the crawls is quite large—most weighed in

at slightly less than a quarter of a million pages. We downloaded and classified nearly 3 million pages
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Yahoo Google Overlap
Abortion 10,219 11,733 2,784
Death Penalty 10,236 10,890 3,151
Gun Control 12,719 13,996 2,344
President 21,936 16,626 3,332
U.S. Congress 17,281 21,984 3,852
General Politics 5,531 39,971 1,816

Table 2: This table gives the overlap, on a given political topic, between the crawls generated by the
Yahoo seed set and that generated with the first 200 Google results. The global overlap is significant,
and closer examination of the data suggests that overlap is nearly complete for the most heavily linked
pages in each category.

(not accounting for sites that might have been included in more than one of the dozen crawls). The
size of the SVM positive sets seem to vary by the type of subject they examine. Seed sets focused on a
particular political issue were smaller than those which focused on the presidency or the U.S. congress.
Out of the large number of pages crawled, only a small fraction were relevant to the given category.

Table 1 suggests that the SVM classifier is good but not perfect. Very few sites in the negative set
are misclassified, and the positive set is almost completely free of false positives. There are a significant
number of sites, however, which are quite near the decision boundary drawn by the SVM, and which
are thus classified as “unsure.” Sites about which the SVM was hesitant range from roughly 7 to 25%
of the size of the positive set. Human coding of these sites suggests that most should be included in the
positive set. Secondary analyses conducted with “unsure” sites included in the positive set found no
substantive differences in the results detailed below—if anything, the results would be even stronger
with their inclusion.

In several cases, the the Google and Yahoo seed sets were quite different. This was initially a source
of some concern, even within our research group, that the communities crawled and the sites identified
might not be directly comparable. Table 2, which shows substantial overlap between the positive sets
from the different Yahoo and Google crawls, does much to alleviate those fears. It reinforces our
conviction that the Yahoo and Google crawls are both exploring the same communities, and provides a
clear demonstration of the small diameter of the Web. Most of the pages in the positive set are relatively
obscure, and receive only a few inlinks. The least overlap occurs with pages with one hyperlink path
to them. Among the most heavily linked pages, the overlap between the Yahoo and Google results is

almost complete.
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SVM positive set Links to SVM set Within-set links

Abortion (Yahoo) 10,219 153,375 121,232
Abortion (Google) 11,733 391,894 272,403
Death Penalty (Yahoo) 10,236 431,244 199,507
Death Penalty (Google) 10,890 291,409 149,045
Gun Control (Yahoo) 12,719 274,715 178,310
Gun Control (Google) 13,996 599,960 356,740
President (Yahoo) 21,936 1,152,083 877,956
President (Google) 16,626 816,858 409,930
U.S. Congress (Yahoo) 17,281 365,578 310,485
U.S. Congress (Google) 21,984 751,306 380,907
General Politics (Yahoo) 5,531 320,526 88,006
General Politics (Google) 39,971 1,646,296 848,636

Table 3: This table gives the number of links to sites in the SVM positive set, from both outside the
set and from one positive page to another. Note that, in most cases, links from other positive pages
provide the majority of the links.

We have therefore seen that the collection of Web pages available to the majority of users of the
most popular search tools is between 10,000 and 22,000 for all but one of the areas studied. Given the
vastness of the medium, these accessible pages are likely only a fraction of all pages on the topic. Of
even greater interest than the size of these topical communities, however, is the way in which they are
organized. Table 3 gives an overview of the link structure leading to these relevant pages.

Globally, the Web graph is quite sparse; a randomly selected series of pages will have few links in
common. In contrast, here we find that the number of links between these positive pages is uniformly
large. Even more telling, for 10 of the 12 crawls, links from one positive page to another account for more
than half the total. This fact increases our confidence that we have identified coherent communities of
pages.”

Ultimately, however, what we want to know is the distribution of these inbound links. The first
column of Table 4 contains the number of sites in each category which contain at least one positive
page. For example, abortionfacts.org is a prominent anti-abortion Web site. Abortionfacts.org
contains within it many Web pages that are relevant to the abortion debate. If what we are interested

in, however, is the number of sources of political information, it makes greater sense to count all of the

"It is worth noting that the results shown are based on raw data, and may thus inflate somewhat the connectedness
of the graph. To take one example: moratoriumcampaign.org, a popular site opposed to the death penalty, contains a
number of heavily cross-linked relevant pages—and relevant page A may even contain more than one link to relevant
page B. Eliminating cross-links between pages hosted on the same site eliminates a large portion of the links. The
distribution of inlinks, however, remains stubbornly power-law distributed. Because we believe that the total number of
inlinks is the best predictor of a site’s visibility and traffic, our analysis focuses on the raw numbers.
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Sites  Links to top site (%) Top 10 (%) Top 50 (%)

Abortion (Yahoo) 706 15.4 43.2 79.5
Abortion (Google) 1,015 31.1 70.6 88.8
Death Penalty (Yahoo) 725 13.9 63.5 94.1
Death Penalty (Google) 781 15.9 53.5 88.5
Gun Control (Yahoo) 1,059 28.7 66.7 88.1
Gun Control (Google) 630 39.2 76.8 95.9
President (Yahoo) 1,163 53.0 83.2 94.9
President (Google) 1,070 21.9 65.3 90.9
U.S. Congress (Yahoo) 528 25.9 74.3 94.8
U.S. Congress (Google) 1,350 22.0 51.4 82.3
General Politics (Yahoo) 1,027 6.5 36.4 70.3
General Politics (Google) 3,243 13.0 44.0 74.0

Table 4: This table demonstrates the remarkable concentration of links that the most popular sites
enjoy in each of the communities explored. The first column lists the number of sites that contain at
least one positive page; note that many sites contain numerous relevant pages. Columns 2, 3, and 4
show the percentage of inlinks attached to the top site, the top 10 sites, and the top 50 sites in a given
category.

pages at abortionfacts.org as a single unit. The number of sites offering political information must,
by definition, be smaller than the total number of pages.

The most important results, however, are captured in the other three columns of Table 4. Here we
find the percentage of inlinks attached to the top site, the top 10 sites, and the top 50 sites in each
crawl. The overall picture shows a startling concentration of attention on a handful of hyper-successful
sites. Excluding one low-end outlier, the most successful sites in these crawls receive between 14% and
54% of the total links—all to a single source of information.

Perhaps even more telling is the third column, which shows the percentage of inlinks attached to
the top ten sites for each crawl. In 9 of the 12 cases, the top ten sites account for more than half of
the total links. Across these dozen examples, the top 50 sites account for 3-10% of the total sites in
their category. But in every case, the top 50 sites account for the vast majority of inbound links.

There is thus good reason to believe that communities of political sites on the Web function as
winners-take-all networks. But is the inlink distribution among these sites governed by a power law?
The answer seems to be yes.

To see exactly what the inter-community link structure looks like in practice, consider the figures
below. Figure 1 looks at sites which contain information on the presidency; Figure 2 looks at sites

devoted to the death penalty. One is generated from a Yahoo seed set; the other is from Google.
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Figure 1: This chart shows the distribution of inbound hyperlinks for sites which focus on Pres. George
W. Bush. Both axes are on a log scale. Note that the data form an almost perfectly straight line—
unmistakable evidence of a power-law distribution.

The unmistakable signature of a power law distribution is that, on a chart where both of the axes
are on a logarithmic scale, the data should form a straight line. This is precisely what Figure 1 shows—
a textbook power law distribution. A similar but less exact pattern is evident in Figure 2, which is
more typical of the communities crawled. Here the line formed by the data on the log-log scale bulges
outward slightly; the slope of the line gets steeper as the number of sites increases. The death penalty
community deviates from a power law at the tails—particularly among the set of most popular sites,
where a pure power law would produce astronomical numbers of links.®

Overall, power laws do an excellent job of characterizing link distribution within these communities.
Table 5 shows the results of fitting a power law to the data gathered by each of the 12 crawls. In this

case, the model chosen is a simple ordinary least squares regression. The dependent variable is the log

8The slightly curvilinear shape—which forms a soft, downward-facing parabola in the log-log scale—may suggest an
admixture between a power law and some other distribution with an extreme skew (such as a log-normal distribution
with a mean of 0).
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Figure 2: This figure illustrates the distribution of inlinks for sites focusing on the death penalty. Here
again we see strong evidence of a power-law distribution, although there is a slight upward bulge to the
plotted data. Fitting a power-law to to this data produces an R? of .9516—the second-lowest among
the communities explored.
of the number of links pointing to a given Web site. For example, if site ) has 1500 inlinks, its value on
the dependent variable is equal to {n(1500), or 7.31. The explanatory variable is the log of the number
of sites which have at least as many inlinks as site (). Since a power law relationship between the two
variables should produce a straight line on a log-log scale, a linear regression on the log-transformed
data is a straightforward way of testing how well such a distribution fits the data. In this context,
the constant is the log of the number of inlinks which the model predicts for the community’s most
popular Web site.

The results of this analysis show that, with a few caveats, a power law fits the distribution of inlinks
within political communities quite well. The Yahoo abortion community is a markedly poorer fit than
the other 11 communities explored, though the power law model still produces an R? of .9016. The

power law model consistently predicts greater numbers of inlinks for the four or five most successful
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Coefficient (—«) Constant —R?

Abortion (Yahoo) -1.544 11.834 902
Abortion (Google) -1.488 11.819 972
Death Penalty (Yahoo) -1.684 12.007 977
Death Penalty (Google) -1.958 13.960  .952
Gun Control (Yahoo) -1.458 11.650  .961
Gun Control (Google) -1.806 13.113  .968
President (Yahoo) -1.659 13.014 992
President (Google) -1.705 13.285 975
U.S. Congress (Yahoo) -1.909 13.239 971
U.S. Congress (Google) -1.530 12.952 953
General Politics (Yahoo) -1.252 10.583  .956
General Politics (Google) -1.454 13.536  .977

Table 5: This table shows the results of fitting a power law to the 12 communities explored, by means of
an OLS regression on the logged data. The dependent variable is the log of the number of inlinks that
a given site (e.g. site ()) has received; the explanatory variable is the log of the number of sites in the
sample that have at least as many inlinks as site (). If a power law follows the form K~ the coefficent
above is equal to —a, the slope of the power law line on a log-log scale. The constant represents the
log of the number of links that the most popular site is predicted to receive.

sites than we see in the data; to a lesser degree it underpredicts the number of sites that have only
a handful of links. These deviations, particularly in the upper part of the curve, are substantively
significant, as they dilute the concentration of attention on the small number of successful sites.

Still, even with outliers at both tails of the distribution, the power law model produces an R?
greater than .95 in each of the remaining communities. The body of the data, in every community,
adheres stubbornly to a power law, and omitting the 5 highest and lowest link values usually produces
a near-perfect fit. Inlink distribution within political communities is bound by powerful statistical

regularities.

4.3 Site Visibility

Whether online communities are better characterized by power laws or by some other variety of ex-
tremely skewed distribution is, of course, not the central point. For political scientists concerned about
the level of concentration within communities dedicated to political expression, two lessons are clear.
First, the number of highly visible sites is small by any measure. It seems a general property of political
communities online that a handful of sites at the top of the distribution receive more links than the

rest of relevant sites put together. Second, comparative visibility drops off in a rapid and highly regular
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fashion once one moves outside the core group of successful sites. Falloff in site visibility is not linear;
rather, it follows an exponential function over many orders of magnitude. Given the diversity both in
seed sets and in the types of communities explored, these results are surprisingly strong and consistent.

There is an often-repeated belief that the Internet is a hotbed of grass-roots political activism. In the
communities that we examine, however, this belief seems to be unfounded. Almost all prominent sites
are run by long-established interest groups, by government entities, by corporations, or by traditional
media outlets.

There is one more point that deserves emphasis: the power law structure persists even if these sites
are broken down into sub-communities. In our two crawls of the abortion community, for example,
pro-choice sites outnumber pro-life sites by a margin of roughly three to one. However, both pro-life
and pro-choice sites are governed by a power law. Although the slope is different across the two groups,
the overall structure continues to focus attention on a few top sites. The same pattern is evident in
the gun control and death penalty communities, which both contain clearly opposing subgroups. The
structure of political groups on the Web thus may loosely be termed fractal in nature—portions of
the community mirror the structure of the whole. This Russian nesting doll structure, dominated by

power laws at every level, has important implications for politics.

5 Comparative Concentration

We began by explaining why online concentration is an issue of concern to political scientists and
policy makers. We detailed why link structure is a good proxy for measuring audience concentration.
And we have now looked closely at the link structure surrounding a diverse set of political Web sites.
While these communities of sites do vary somewhat in their level of centralization, in almost every case
they seem to follow a winners-take-all power law distribution.

Still, the Internet’s political consequences emerge most clearly from a comparative perspective.
How do the patterns we find in the online world—both in the aggregate and within focused political
communities—compare to those that we are accustomed to in traditional media?

Our analysis places online concentration alongside television programming, newspaper and maga-
zine circulation, and radio station listenership. None of these media are exactly comparable with the

Web, or with each other—a Web site is not interchangeable with a radio station or a newspaper. Yet if
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we should be cautious in interpreting the results, the larger patterns are difficult to ignore. According
to two very different metrics, the concentration of audience share online seems at least as great as that

found in the offline world.?

5.1 Data

For this analysis, we gathered a series of diverse data sets that shed light on how patterns of offline
concentration compare to online media. First of all, we examine data on television ratings. We look at
171 different prime-time television programs, using public data from September 2003 available from
A.C. Nielsen.

Second, we examine data on radio station listenership. We compile a national-level data set using
Arbitron corporation rating data on all commercial radio stations, both AM and FM, within the U.S.’s
top 50 radio markets. These 50 markets serve 128 million people age 12 or older, roughly half of the
nation’s total 12-and-older population. Our data set covers 1289 commercial stations.

Third, we look at data on print media, both newspapers and magazines. In both cases, nationwide
circulation data comes from the Audit Bureau of Circulation. The ABC tracks the circulation of 653
magazines and 1058 newspapers nationwide.

We weigh this data on television, radio, and print against a number of different data sets on
online concentration. First of all, of course, we look at a representative subsection of the 12 political
communities described in the previous section. At the same time, we look at broader data sets about
the Web. We look at concentration patterns of links across the entire Web, with data provided by HP
Labs. We look at the universe of news Websites, with traffic data drawn from Nielsen/Netratings. And
we look at the concentration of unique visitors across all Weblogs, the easiest online community to
gather visitor data on, using information drawn from N.Z. Bear’s Weblog Ecosystem project found at
truthlaidbear.com.

All of this data is national, not regional, in scope. Radio stations in Cleveland and Baltimore cannot
compete with each other for listeners, but every Web site in a given niche competes directly against

all the rest. One aim of this analysis is to compare locally fragmented media against online content

9Yim 2003 finds that, in traditional media, concentration increases with the number of outlets available. Comparing
circulation figures of the top 100 newspapers with the number of links their Web sites receive, Hamilton suggests that
the economics of producing online news may result in concentration rather than dispersion (Hamilton 2004, Ch. 7).
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which does not face the same geographic restrictions.

5.2 Metrics for Concentration

With these data sets in hand, we must consider what sort of measures can fruitfully be used to illustrate
disparities in concentration. We use two metrics commonly found in other areas of the social sciences
to provide benchmarks of concentration across mediums.!®

The first of these is the Gini coeffient. Originally developed in the early 20" century to measure
income inequality, the Gini coefficient can be used, as Corrado Gini himself declared, to calculate
relative inequality for almost any resource (Gini 1921). The Gini coefficient is the mean difference
across all observations between the Lorenz curve and the line of perfect equality.!’ Stated formally, if

y is a vector of incomes, with extreme values of ¥,,;, and and ¥y,,.,, @ mean of y, and a cumulative

distribution of F(y), the Gini coefficient can be calculated as follows:

i Pyl - F)

G min
1

The Gini coefficient produces possible values between 0 and 1.

The second measure of inequality that we adapt for these purposes is the Herfindahl-Hirschman
Index, or HHI. Originally developed to measure firm power within industries, HHI is calculated by
taking an observation’s total resource share expressed as a percentage, squaring it, and taking the sum
across all observations. Expressed more formally, the Herfindahl-Hirschman Index can be calculated

as:

N
HHI = pr
1

where P; is the percentage of total resources controlled by the i** media outlet or Web site. HHI has
possible values between 0 and 10,000.

HHI and the Gini coefficient are arguably the most commonly used metrics of inequality or concen-

0Two recent cross-media studies adopt similar metrics and reach similar conclusions. Yim 2003 finds that, in tradi-
tional media, concentration increases with the number of outlets available. Comparing circulation figures of the top 100
newspapers with the number of links their Web sites receive, Hamilton suggests that the economics of producing online
news may result in concentration rather than dispersion (Hamilton 2004, Ch. 7).

1 The Lorenz curve can be obtained by plotting the cumulative distribution function of the resource in question against
the cumulative distribution of the population possessing the resource. In a population governed by perfect equality, the
Lorenz curve is a perfectly straight line: 30 percent of the population owns 30 percent of the wealth, 75 percent of the
population owns 75 percent of the wealth, etc.
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tration in the social sciences. In this context, they are attractive in part because they differ radically in
their emphases, and the relative weight they afford to observations large and small. HHI, by squaring
its components, focuses on the observations with the very highest values. Smaller players receive almost
no weight in calculating the final statistic, and consequently adding additional observations with a tiny
share of total resources has negligible effect on the HHI. The Gini coefficient, by contrast, is a just a
mean—the mean difference between the Lorenz curve and the line of perfect equality—and as such it
is drawn equally from all observations in the data. Adding a large number of observations with small
values raises the Gini coefficient dramatically.

For the same reasons, the Gini coefficient and the HHI scale differently with the size of the popula-
tions they measure. Imagine two villages with identical distributions of wealth, one five times the size
of the other. These two towns would have identical Gini coefficients; however, the larger town would

have an HHI one-fifth that of the smaller community.

5.3 Results

By both the Gini coefficient and the HHI, audiences on the Web appear at least as focused as those
of traditional media. While these results need to be supplemented by additional research, they do
show convincingly that the structure of online political information is hardly a radical break with the
broadcast model.

Table 6 lays out these results in detail. The first column, which looks at the Gini coefficient across
all media, shows that both political communities and the larger Web generate significantly higher
Gini coefficients than those for radio, print, and television programming. The gap is even larger than
it appears at first. Web content with a Gini coefficient of .95 actually has one-sixth the area under
the Lorenz curve as magazines or newspapers, which each generate already large Gini coefficients of
roughly .7.

The political communities that we explored in the previous section are each only a tiny portion
of the Web. But the similar patterns emerge in global Web data, and in Weblog data on tracking
unique site visitors rather than just link structure. Moreover, the Gini coefficient is the statistic of
concentration which is least sensitive to changes in the size of the communities studied.

With regard to the relationship between the largest media sources and the average players, the Web
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Media Gini Coeft. Gini, top 20 HHI

Television—Primetime Ratings .35 .09 93

Radio—Top 50 Markets .53 A2 19

Print—All U.S. Newspapers .69 .25 73

Print—All U.S. Magazines .70 37 123
WWW-—AIl Sites, Links .96 .45 323
WWW-—All News Sites, Traffic n/a 31 n/a
WWW-—Weblog traffic .89 42 286
WWW-—General politics 93 .61 1575
WWW-—Abortion 94 .69 1754
WWW-—Gun Control .96 .64 1705
WWW-—Presidency 98 .76 3207

Table 6: This table presents data on the level of concentration across different media types. The major
point to be gleaned from this table is that, both at the micro and at the macro level, the Web appears
at least as concentrated as traditional media. The political communities listed here are chosen to be
representative; the other eight communities crawled produced very similar levels of concentration.

is far more concentrated than any other medium. But is this apparent concentration simply because
there are many more smaller players online?

The answer seems to be no. Even just among the leading outlets of every type, online audiences
seem more concentrated than their offline counterparts. These findings emerge clearly in columns 2 and
3. Column 2 again presents Gini coefficients, but in this case, they are used to calculate the inequality
just among the top 20 outlets in every category. In looking just at the top choices, the gini coefficients
are necessarily lower, and the disparity between online and offline content narrows. By this measure
online news sites are slightly less concentrated than magazines. However, by this metric every other
type of online content more focused than every category of traditional media content.

Column 3, which presents the HHI for these media categories, shows much the same story. As
described above, HHI amplifies the importance of the largest information sources, while ignoring the
smallest outlets. All of the political communities explored produce extremely high measures of HHI.
Given that these communities are by definition smaller and more homogenous than the medium as
a whole, these findings are perhaps unsurprising. Yet even looking at broader online data, such as
the global link structure, shows markedly higher scores for online content than for the similarly-broad
content on radio and in print.

In interpreting these findings, it is important to recognize that many of these media outlets—in

print, radio, and in the global Web data—are owned by larger parent companies. We are confident that
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we have chosen the right level of analysis for the data at hand; after all, newspapers, magazines, and
even radio stations often present identical content on their Web sites. Still, this analysis only partially
address deeper questions about the “real” diversity of information sources across media types.

Yet even with this limitation in mind, the findings above are striking. The gap between the largest
players and the average outlet is far more pronounced on the Web than it is in traditional media. More
importantly, this disparity is not just because the Web’s lower barriers to entry let more players into
the market. Even just among the most important sources of information, the Web appears to be at

least as concentrated on a few winners as the media that preceded it.

6 Conclusion

The body of this paper has focused on technical subjects of a sort that scholars of politics have rarely
considered. It has talked at length about the reasons that link density is an effective proxy for online
audience share. It has shown that communities of Web sites on different political topics are each
dominated by a small set of highly successful sites. And it has demonstrated that, according to the
most widely used metrics, the patterns of concentration we see in political communities and over the
Web as a whole are at least as great as those we find in radio, newspapers, and magazines.

In concluding, it is important to remind ourselves why all of this matters. Much scholarship on
what the Web means for politics hinges on arguments about audience concentration. We know that
the Web gives citizens millions of choices about where to go to get their political information. What we
have not known, however, is how much this really matters—how much the Web expands the number
of choices that people actually use.

The lack of definitive data has allowed scholars to make very different assumptions about the
political impact of the Web. Those who have made grand claims about the Internet and politics have
often argued that the Web is part of an epochal shift from broadcasting to narrowcasting. In this view,
wired citizens are supposed to rely on a much broader set of sources for their political information.
Our research provides no support for these utopian or dystopian visions. There is more work to be
done in comparing concentration across media, and discussions to be had about the the best data sets
to use and the best metrics to adopt. But on the most fundamental claims—that the Web would make

the flow of political information radically less hierarchical-—the verdict is clear. Yes, almost anyone
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can put up a political Website. But this fact means little if most of these sites receive only a handful
any visitors. Putting up a political Website is usually equivalent to hosting talk show on public access
television at 3:30 in the morning.

For those who have assumed that that the Web will transform politics for good or ill, this paper
thus challenges their most fundamental assumptions. But they are not the only ones for whom this re-
search is problematic. The scale of online concentration is so profound that it forces to rethink even the
skepticism that has become conventional wisdom in political science. In examining the Web, more cau-
tious scholars have dwelt on numerous factors that might mitigate the Web’s political influence. They
have talked about the “digital divide,” the movement of traditional news outlets and interest groups
online, and the commercialization of the Web. They have suggested that Americans’ disengagement
from politics and their lack of political sophistication restricts the content citizens see.

Cyberskeptics have been correct in arguing that the Web is not going to move the public’s attention
from a few broadcast outlets to a host of small-scale Web sites, but our data suggests that they have
been right for the wrong reasons. Large sites are clearly important on the Web—Yahoo dwarfs most
other portal sites, Amazon.com dominates online book selling, Ebay dominates online auctions, and
online news is dominated by familiar names like CNN and The New York Times. What scholars have
not generally understood, though, is that these winners-take-all patterns are repeated at every level of
the Web.

The very pervasiveness of these phenomena belies the explanations that political scientists have
offered for them. We do not blame America’s high rate of functional illiteracy for Amazon.com’s
market dominance; it thus begs credulity to think that civic shortcomings are the driving force behind
concentration in the political news market. The online political communities we study are not driven
by commercial pressure, and yet the winners-take-all patterns within them are stark. Nor can we
blame these patterns on powerful interest groups. The increasingly-important Weblog community is
noncommercial, and initially had little association with traditional political groups. And yet, Weblogs
quickly came to obey the same power law distribution in both links and traffic that we see in the Web
as a whole.

The clear implication is that more fundamental forces are at work—and political scientists need

to understand these larger phenomena before grafting traditional models of politics onto the online
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environment.

This paper is descriptive in focus, and does not seek to offer a full or complete explanation for the
emergence of the online political concentration we describe. Yet part of the reason why the Web is so
concentrated surely lies in the sheer size of the medium, and the inability of any citizen, no matter
how sophisticated and civic-minded, to cover it all. In trying to explain why the existence of so many
more sources of political information online might not change consumption patterns, skeptical political
scientists have not completely ignored the cognitive limits of citizens. Still, they have talked as much
about the motivations of citizens as about the unavoidable limits on their time and on their mental
abilities. The suggestion has often been that the Web might fulfill much of its promise to decentralize
the flow of political information if every citizen was well informed and politically engaged.

A careful reading of the evidence suggests otherwise. In most areas of political science, it is common
to assume that most citizens know little about politics and that they routinely take drastic shortcuts
in the processing of political information. But if strong heuristics are needed to decide between two
candidates on a ballot, how much more extreme do these heuristics need to be for citizens to decide
among literally millions of political Web sites? Previous scholarship on technology and politics has not
emphasized enough this profound mismatch between the vastness of online political information and
the quite limited time and cognitive resources citizens possess. Making this a central concern would
help explain the puzzle of online concentration, and would ultimately make scholarship on technology
and politics more consistent with the models found in the rest of the discipline.

Partly, then, political scientists need to develop more explicit models of how citizens respond to
the astonishing overabundance of online information. At least as important, though, is the need to
fundamentally reassess how the political possibilities of the Web are constrained by its architecture.

More than anything else, it was the ostensible openness of the Web that inspired political scientists
to take note of it. Scholars located this openness in the Internet’s most basic design decisions: the
end-to-end protocol which runs the Internet allows any computer online to connect to any other; a link
on an HTML page can point to anywhere on the Web. But the link structure of the Web is part of
the architecture too—a critical and often overlooked part. This paper has discussed at length how link
structure shapes the content that citizens see, by providing paths for surfers, by determining search

engine rankings, and by ultimately funnelling traffic to a few dominant sites.
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The various pieces which make up the architecture of the Web function as a whole—and that system
is only as open as its most narrow chokepoint. The end-to-end nature of the Web might not limit on
the political sites that citizens visit, but the link structure of the Web certainly does.

In concluding, we suggest that the online concentration we describe in this article has quite broad
implications for politics. Numerous areas of political science depend critically on assumptions about
the flow of political information—from interest group formation to political engagement, voting behav-
ior to political mobilization, public opinion to partisanship, collective action problems to democratic
discourse. While scholars in these areas have no intrinsic interest in the link structure of the Web, all of
them have an obvious stake in the political messages that citizens see. More and more of these messages
are coming from the Internet. As a recent report declares, “The Internet, a relatively minor source for
campaign news in 2000, is now on par with traditional outlets such as public television broadcasts,
Sunday morning news programs and the weekly news magazines” (Pew 2004). The dramatic growth
of the Web as an outlet for political information will likely continue for the foreseeable future.

The Internet is becoming an increasingly substantial part of Americans’ media diet. If political
scientists want to know the impact of the political messages citizens see online, they must first under-
stand the patterns of concentration which govern almost every aspect of online life, politics very much

included.
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A Appendix on Methodology

A.1 Support Vector Machine Classifiers

In order to implement the research design described in this article, it is essential to have a reliable
method of automatically classifying Web pages. We solve this problem with the use of a support vector
machine classifier.

Support vector machines are a learning theory method introduced by Vapnick et al. (Cortes and
Vapnik 1995, Vapnik 1995). SVM techniques have received a good deal of attention from computer
scientists and learning theorists in recent years,'? and have found uses in a wide variety of applications—
from face detection (Osuna, Freund and Girosi 1997) to handwritten character recognition (LeCun
et al. 1995). But support vector machines are particularly effective in classifying content based on text
features—an area where SVM methods show substantial performance improvements over the previous
state of the art, while at the same time proving to be more robust (Joachims 1998).

Mathematically, support vector machines are a technique for drawing decision boundaries in high-
dimensional spaces. In low numbers of dimensions, and with a straight line as the decision boundary;,
it is relatively simple to visualize and understand how SVM’s operate. In Figure 5, for example, one
can see a plot containing two different types of points. The circles are clustered in the lower left-hand
corner of the plot, the squares in the upper right corner. These two groups of points are the “training
set”—the initial set of points that teach the SVM where to draw the boundary separating the two
groups. Now consider only the points closest to the boundary line. Each of these points is a support
vector.

The decision boundary is drawn in an attempt to maximize the distance between the support
vectors. In this example, this maximization defines the slope of the straight line separating the two
groups of points, in much the same way as minimizing the sum of squared errors defines the slope
in an OLS regression. Unlike regression analysis, however, SVM’s deliberately avoid using all of the
information available. The number of support vectors is generally quite small; and while the problem is
still computationally intense, it is markedly less so than most feasible alternatives. Once the boundary
line is drawn, newly encountered points can be classified by their position in this space. In our example,

the SVM would assume that any new point above the line was a square, and any point below the line

12For an accessible and widely-cited introduction to support vector machines, see Burges 1998.
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Figure 3: This figure shows a simple linear support vector machine. The boundary decision line is
drawn to maximize the distance between itself and the support vectors, the points closest to the line.
This example owes much to the explication of Platt 1998.

was a circle.

In our analysis, SVMs work by converting the HTML document representing a particularly Web
page into a single point in a high-dimensional space; the decision boundary is represented by a hyper-
plane cutting through this space. The HTML document is broken up into a series of features, which
are either words or word pairs. Each feature is a dimension. The document’s value on this dimension
is 1 if the feature—for example, the phrase “United States”—occurs in the given page; otherwise the
value is zero. One of the primary advantages of SVMs is that the difficulty of learning depends on
the complexity of drawing the appropriate margin, and is only indirectly related to the dimensionality
of the feature space. For the purposes of this paper, we implement sequential minimal optimization

(SMO) in order to train our support vector machine (Platt 1998, Flake and Lawrence 2002).

A.2 Surfer Behavior and Crawl Depth

In this study we examine all pages that are three clicks or less away from our seed sets. It is worth a
brief detour to explain why travelling only three links away from the seed set should capture the large
majority of relevant political Web sites.

The diameter of the Web is small: two randomly chosen Web sites are, on average only 19 hyperlinks

apart (Albert, Jeong and Barabasi 1999). By traveling three links away from our seed set, our study
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examines graphs with a diameter of 6—three links in any direction. One consequence of this property,
however, is that crawling more than a few links away from the original seed set requires crawling a
large fraction of the World Wide Web. In this case, increasing the depth of the crawl by 1 increases
the number of sites that must be downloaded, stored, and analyzed by a factor of 20.

Research on the behavior of Web surfers gives us strong reason to believe that increasing the depth
of the crawl would be of limited benefit. Huberman et al. show that the number of links that a user
will follow away from a starting Web site can be modeled extraordinarily well by an inverse Gaussian

distribution. The probability that any path on the Web will exceed depth L is governed by the following

A

Data taken from the unrestricted behavior of AOL users produces estimates of v and p of 6.24 and

equation:

2.98, respectively. While most surfing paths on the Web are only a few clicks deep, the heavy tails
of the Gaussian distribution mean that even a path that contains a dozen or more clicks contains a
non-trivial portion of the probability mass.

This research suggests that the moderately deep crawl we perform should capture the large majority
of surfing behavior away from the seed sites. If Huberman’s numbers hold, roughly 80% of searches will
terminate before exceeding the depth of the crawl we perform. The benefits of a deeper crawl appear
to be modest. Increasing the depth one level would expand the portion of search behavior covered by
only 5-10%, while it would increase the difficulty of analysis by a factor of 20. To provide a sense of
perspective, increasing the depth of the crawl by one would have required us to download and analyze
4.5 million Web sites for each of the 12 crawls. This would have meant crawling roughly 54 million

pages total, and would ultimately have taken up more than 5 terabytes of disk storage.
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