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Abstract

We use individual and aggregate data to ask how the Intesnelhanging the ideologi-
cal segregation of the American electorate. Focusing om@miews consumption, offline
news consumption, and face-to-face social interactiorsdefine ideological segregation in
each domain using standard indices from the literature omlraegregation. We find that
ideological segregation of online news consumption is lovalisolute terms, higher than the
segregation of most offline news consumption, and signifigdower than the segregation of
face-to-face interactions with neighbors, co-workerdaarily members. We find no evidence
that the Internet is becoming more segregated over time.
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1 Introduction

Democracy is most effective when citizens have accuraiefogBecker 1958; Downs 1957). To
form such beliefs, individuals must encounter informatrdmch will sometimes contradict their
pre-existing views. Guaranteeing exposure to informatiom diverse viewpoints has been a
central goal of media policy in the United States and aroimedvtorld (Gentzkow and Shapiro
2008).

New technologies such as the Internet could either increaskecrease the likelihood that
consumers are exposed to diverse news and opinion. Thedbtgramatically reduces the cost
of acquiring information from a wide range of sources. Buiré@asing the number of available
sources can also make it easier for consumers to self-ssgrigtpologically, limiting themselves
to those that are likely to confirm their prior views (Mullathan and Shleifer 2005).

The possibility that the Internet may be increasing idemialgsegregation has been articu-
lated forcefully by Sunstein (2001): “Our communicationarket is rapidly moving” toward a
situation where “people restrict themselves to their owm{soof view—Iliberals watching and
reading mostly or only liberals; moderates, moderatessematives, conservatives; Neo-Nazis,
Neo-Nazis” (4-5). This limits the “unplanned, unanticipaencounters [that are] central to democ-
racy itself” (9). Sunstein (2001) also notes that the ristefinternet will be especially dangerous
if it crowds out other activities where consumers are mdegyito encounter diverse viewpoints.
He argues that both traditional media such as newspapegszinas, and broadcasters, and face-
to-face interactions in workplaces and local communitredi&ely to involve such diverse encoun-
tersl

In this paper, we assess the extent to which news consunmtitime Internet is ideologically
segregated, and compare online segregation to segregétimth traditional media and face-to-
face interactions. For each outlet in our sample (a newspaggarticular website), we measure
the share conservative: the share of users who report théircpl outlook as “conservative,”

among those who report being either “conservative” or fi#hé We then define each individual’s

l“People who rely on [newspapers, magazines, and broadshk@ve a range of chance encounters... with
diverse others, and also exposure to materials and toptshby did not seek out in advance” (Sunstein 2001, 11).
“The diverse people who walk the streets and use the parlialgto hear speakers’ arguments about taxes or the
police; they might also learn about the nature and intertditiews held by their fellow citizens.... When you go to
work or visit a park... it is possible that you will have a raraf unexpected encounters” (30).
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conservative exposute be the average share conservative on the outlets she Wsitexample, if
the only outlet an individual visits is nytimes.com, her egpre is defined as the share conservative
on nytimes.com. If she visits both nytimes.com and foxnears, her exposure is the average of
the conservative shares on these two sites. Our main meassegregation is the “isolation
index” (White 1986, Cutler et al. 1999), a standard metrithia literature on racial segregation.
In our context, the isolation index is equal to the averageseovative exposure of conservatives
minus the average conservative exposure of liberals. I$ematives only visit foxnews.com and
liberals only visit nytimes.com, the isolation index wik lequal to 100 percentage points. If both
conservatives and liberals get all their news from cnn.cthra,two groups will have the same
conservative exposure, and the isolation index will be Eguzero.

We use aggregate 2009 data on website audiences from coemSapplemented with micro
data on the browsing behavior of individuals from 2004-2008 measure offline consumption,
we use 2008 individual-level data from Mediamark Researnthlatelligence on consumption of
newspapers, magazines, broadcast television, and cablaedsure face-to-face interactions, we
use data on the political views of individuals’ acquaintseand political discussants as reported
in the 2006 General Social Survey and the 1992 Cross-Naftifiaetion Study.

News consumption online is far from perfectly segregatetle &verage Internet news con-
sumer’s exposure to conservatives is 57 percent, slightlyd left of the US adult population. The
average conservative’s exposure is 60.6 percent, sinailargerson who gets all her news from
usatoday.com. The average liberal's exposure is 53.1 peienilar to a person who gets all her
news from cnn.com. The isolation index for the Internet & gercentage points, the difference
between the average conservative’s exposure and the avdraral’s exposure.

News consumers with extremely high or low exposure are rAreonsumer who got news
exclusively from nytimes.com would have a more liberal neliet than 95 percent of Internet
news users, and a consumer who got news exclusively fromefesicom would have a more
conservative news diet than 99 percent of Internet newsuser

The isolation index we estimate for the Internet is highantthat of broadcast television news
(1.8), cable television news (3.3), magazines (4.7), andlloewspapers (4.8), and lower than
that of national newspapers (10.4). We estimate that editimg the Internet would reduce the

ideological segregation of news and opinion consumptioosscall media from 5.1 to 4.1.



Online segregation is somewhat higher than that of a soetalork where individuals matched
randomly within counties (5.9), and lower than that of a r@twhere individuals matched ran-
domly within zipcodes (9.4). It is significantly lower thahet segregation of actual networks
formed through voluntary associations (14.5), work (1L&h&)ghborhoods (18.7), or family (24.3).
The Internet is also far less segregated than networks stedldriends (30.3) and political discus-
sants (39.4).

Using our micro data sample, we estimate online segregatachk to 2004, and find no evi-
dence that the Internet is becoming more segregated over tim

We explore two economic mechanisms that limit the extentntihe segregation. First, most
online news consumption is concentrated in a small numbeeglafively centrist sites. Much of
the previous discussion of Internet segregation has facasethe “long tail” of political blogs,
news aggregators, and activist sites. We confirm that thessare often ideologically extreme,
but find that they account for a very small share of online oamsion. Second, a significant share
of consumers get news from multiple outlets. This is esjlgdiaue for visitors to small sites
such as blogs and aggregators. Visitors of extreme cortsanstes such as rushlimbaugh.com
and glennbeck.com are more likely than a typical online n@ader to have visited nytimes.com.
Visitors of extreme liberal sites such as thinkprogregsaord moveon.org are more likely than a
typical online news reader to have visited foxnews.com.

In the final section of results, we present a series of rolegstochecks. We also consider the
possibility that segregation at the level of individualrsge may differ from segregation at the level
of the news outlet, and present several pieces of evidemgesting that story-level segregation is
unlikely to be very different from the outlet-level segréga we measure.

We conclude with an important caveat: none of the evidence $igeaks to the way people
translate the content they encounter into beliefs. Peojtledifferent ideologies see similar con-
tent, but both Bayesian (Gentzkow and Shapiro 2006; Acemegal. 2009) and non-Bayesian
(Lord et al. 1979) mechanisms may lead people with divergelitical views to interpret the same
information differently.

Our results inform both popular and theoretical discusswinthe political impact of the in-
creased media competition. Mullainathan and Shleifer $2080bbrio (2009), and Stone (2010)

write down theoretical models of media markets in which éasing the number of outlets may



lead consumers to become more segregated ideologicalbjicRifficials (e.g., Leibowitz 2010)
and commentators (e.g., Brooks 2010) routinely warn of génegérous effects of ideological iso-
lation in news consumption on the health of our democracyst&in (2001), Kohut (2004), Von
Drehle (2004), Carr (2008), and Friedman (2009), amongrstimave argued that proliferation of
news sources on the Internet may be increasing that isolatio

To our knowledge, ours is the first study to use detailed dathe ideological composition of
news-website visitors to compare ideological segregatidime and offline. Apart from Lawrence
et al’s (2010) analysis of the ideological polarizatiorbtdg audiences, most evidence on ideo-
logical segregation online comes from data on content &rdiructures rather than consumption
(e.g., Adamic and Glance 2005; Hargittai et al 2008).

A large literature considers the causes and effects ofigalljppolarization (McCarty et al 2006;
Glaeser and Ward 2006), which Prior (2008), Campante anth&io2010), and others relate to
the structure of the media market. A growing literature inremmics studies the effects of the
news media on public policy (e.g., Stromberg 2004, Stroglaexd Snyder 2010), political be-
liefs and behavior (Prior 2005, Gentzkow 2006, DellaVignd Eaplan 2007, Knight and Chiang
2008), and social capital (Olken 2009). A related literattwnsiders whether news consumers are
motivated by information-seeking or a desire for reinfonemt (DiMaggio and Sato 2003, Mul-
lainathan and Shleifer 2005, Gentzkow and Shapiro 2006&eand lyengar 2008, Garrett 2009a
and 2009b, lyengar and Hahn 2009). A separate literatureanamics considers the effects of
the Internet on communication more broadly (Glaeser 19898¢Rblat and Mobius 2004).

Section 2 below describes the data used in our study. Se8tintroduces our segregation
measure and empirical strategy. Section 4 presents our rmesifts. Section 5 discusses eco-
nomic explanations of our findings. Section 6 presents ioless checks and an analysis of the

segregation of content (as opposed to site) viewershigiddet concludes.

2Benkler and Shaw (2010) compare characteristics such asxteat of user participation between right-wing
and left-wing blogs. Baum and Groeling (2008) argue thaih@sources engage in more partisan filtering of content
than news wires. Tewksbury (2005) presents evidence on giepbic (not specifically ideological) specialization
in online news audiences. Webster (2005) compares the &agtion of broadcast and cable television network
audiences. Stroud (2008) uses data from the 2004 Nationa¢iberg Election Survey to compare the correlation
between ideology and outlet choice across several medéstyp
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2 Data

2.1 Internet News

Our Internet news data are provided by comScore.

To construct our universe of national political news andhagi websites, we begin with all
sites that comScore categorizes as “General News” or 1BalitWe exclude sites of local news-
papers and television stations, other local news and apisii@s, and sites devoted entirely to
non-political topics such as sports or entertainment. Vigpkment this list with the sites of the
10 largest US newspapers (as defined by the Audit Bureau afil@trons for the first half of 2009).
We also add all domains that appear on any of thirteen onikte df political news and opinion
websites® The final list includes 1,379 sites.

We measure site size using the average daily unique visd@ach site over the twelve months
in 2009 from comScore Media Metrix. Media Metrix data comanircomScore’s panel of over
one million US-resident Internet users. Panelists instaftware on their computers to permit
monitoring of their browsing behavior, and comScore usessaige method to distinguish multiple
users of the same machine. Media Metrix only reports datsifes that were visited by at least 30
panelists in a given month. We have at least one month of Mdeéiaix data for 459 of the sites
on our list.

We measure site ideology using data from comScore Plan M&ian Metrix data come from
a survey distributed electronically to approximately T®@omScore panelists. The survey asks
panelists the question “In terms of your political outloaky you think of yourself as...? [very
conservative / somewhat conservative / middle of the roadhesvhat liberal / very liberal]”. The
average number of daily unique visitors in each categorgp®rted by comScore for each site

for each month. We average these figures over the twelve mamn2009. We refer to those who

3These lists are rightwingnews.com’s “100 Of The Most PopBalitical Websites On The Net”, “The Blogo-
sphere Power Rankings — The Most Popular Political Blogs ®& Net”, and “The Top 125 Political Websites On
The Net Version 5.0”; alexa.com’s “Top Sites News > Weblogstl “Politics News”; evancarmichael.com'’s “Top 50
Political Blogs: 2009”; intellectualconservative.cori®p 100 Conservative Political Websites of 2007” and “Top
100 Liberal Political Websites of 2007”; wikio.com'’s “Toddg)s - Politics”; urbanconservative.com’s “The Best Con-
servative Blogs on the Internet — Period!”; reachm.comtesass “Top 100 Liberal Bloggers or Sites, by traffic as
of 12/19/07”; politicalbloglistings.blogspot.com’s “&fi of Political Blogs”; and toppoliticalsites.org’s “Tophtical
Sites”. We exclude any sites for which the lists provide sgMdRLs for one domain name, where the URL is a sub-
domain (e.g., newscompass.blogspot.com), or where thievepdomain does not provide news or opinion content
(e.g., twitter.com).



report being “middle of the road” in this and other datasstéaoderates.”

We use the “political outlook” measure of ideology becauss directly comparable to the
measure available in our source for offline media. In sedidn3 we show that estimated segre-
gation is essentially unchanged when we measure ideolagyg party affiliation.

Plan Metrix data are only available for relatively largeesit We have at least one month of
Plan Metrix data on ideological composition for 119 of thesion our list. This set of sites forms
our primary sample.

We also use comScore microdata on the browsing behavior obses of panelists obtained
from Wharton Research Data Services (WRDS). We have sepdatd extracts for 2004, 2006,
2007, and 2008. The data include 50,000-100,000 machimg®peand contain the domain name
of each site visited. We match sites in this data to our sel6fFlan Metrix sites.

The data include the zipcode where each machine is locatedch this, we construct a proxy
for ideology, which is a dummy for whether the share of pciditicontributions going to Republi-
cans from 2000-2008 in the zipcode is above the nationalanedf/e construct this variable from
Federal Election Commission data on political contribagias in Gentzkow and Shapiro (2010).

Relative to the site-level aggregates, the microdata hawarhportant limitations. First, be-
cause the comScore microdata are defined at the domain égel yahoo.com), we cannot dis-
tinguish news content on sub-pages of large sites such aoaoand yahoo.com. Sites such as
Yahoo! News and AOL News are therefore excluded from the odiata sample. (See the online
appendix for a complete list of sites in the comScore mid@jlaSecond, the microdata do not

distinguish between multiple users of the same machine.

2.2 Offline Media

Our data on offline media consumption are provided by MediarResearch and Intelligence
(MRI).

We use data on 51,354 respondents from the spring 2007 aimgj 008 waves of the MRI
Survey of the American Consumer.

Data on cable television come from questions asking the euwithours respondents viewed

CNN, Fox News, MSNBC, CNBC, and Bloomberg cable networkpeesvely in the last 7 days.



If the number of hours viewed is less than or equal to 7, theasgeme that the number of days in
the last 7 on which the respondent viewed the network is équale number of hours viewed. If
the number of hours viewed is greater than 7, we assume thatspondent viewed the network
on all of the last 7 days.

Data on broadcast television come from questions askinghtineber of days in the last 5
weekdays respondents viewed the evening newscasts of ABE,, IBC, PBS or the BBC (which
is broadcast in some markets on public television staticesg)ectively.

Data on national newspapers come from questions askinghethetspondents read the most
recent weekday edition dthe New York Time&JSA TodayandThe Wall Street Journakspec-
tively.

Data on magazines come from questions asking the numbewysfiddhe most recent publi-
cation period on which the respondent rddek Atlanti¢ Barron’s, BusinessWeeKhe Economist
Forbes Fortune The New YorkeMNewsweeKTime andU.S. News & World Reporespectively.

Data on local newspapers come from a free response queskorgavhich newspapers the
respondent read in the last 24 hours. We code a respondesadiag a local newspaper if she
read a daily newspaper in the last 24 hours but did not repading one of the national papers
in the same window of time. We define a newspaper market asretPMSA or a county (for
counties that are not in PMSAs) and assume that respondahettits same newspaper market who
read a local paper read the same paper. Gentzkow and Sh2@ir@) (present evidence in support
of this market definition.

The MRI survey includes the question “In terms of your poétioutlook, do you think of
yourself as...? [very conservative / somewhat consewvatmiddle of the road / somewhat liberal
/ very liberal],” which we use to define each respondent’stical ideology.

The MRI data extract identifies the respondent’s zipcodeug¢ethis information to study ge-
ographic segregation in ideology, as a supplement to tleeateace-to-face interactions described
in section 2.3 below.

The MRI data extract includes sampling weights to accountheir multistage sample se-
lection process. We use these weights in our main analysigesent unweighted results as a
robustness check in the online appendix. MRI also imputessimg values for a section of the

survey that includes the political ideology question; waatrthese respondents as having missing



ideology data.

2.3 Face-to-Face Interactions

Our data on face-to-face interactions come from the 200@wéthe General Social Survey (GSS)
and from the US module of the 1992 Cross-National Electiap{CNES).

The 2006 wave of the GSS (Davis and Smith 2009) includes a ‘iMuid{nown” topical mod-
ule, which DiPrete et al. (forthcoming) designed to measagregation in social networks. A
total of 1,347 respondents answered one or more questighsimodule.

Respondents are asked about the characteristics (rag&siy, etc.) of their family members,
friends, and acquaintances. For each group, responderdsked the number they are “pretty cer-
tain are strongly liberal” and “pretty certain are strongbnservative.” Responses are categorical:
0, 1, 2-5, 6-10, more than 10. We recode these responsesraidpeint of the respective category
with an arbitrary topcode of “12” for the largest categorythe online appendix we present results
excluding respondents with topcoded responses. We defrehtire who are conservative in each
group to be the number the respondent identifies as strowgisecvative divided by the number
identified as either strongly conservative or stronglyrgbe

We use data for the following groups: (i) the respondentsilig (ii) the respondent’s neigh-
borhood; (iii) the respondent’s workplace; (iv) people tegpondent is acquainted with via clubs,
schools, associations, or places of worship; (v) peoplegigondent trusts.

Data on respondents’ political ideology come from the goestl’'m going to show you a
seven-point scale on which the political views that peopightrhold are arranged from extremely
liberal—-point 1-to extremely conservative—point 7. Wheoeild you place yourself on this scale?”

We weight data using the GSS’s WTSS weight variable whicbawts for re-sampling of non-
respondents and the presence of multiple adults per holagseéhahe online appendix, we present
results weighting respondents equally.

The CNES (Beck et al. 2000) measures political communinatioing a presidential election.
Beck et al. (2002) use it to measure the relationship betwedndividual’s ideology and that of
her social network. A total of 1,318 respondents were asedgort their political ideology and

to list up to four people with whom they discussed “importawatiters” in the last six months, with



the option to add a fifth person “you talked with most aboutdhents of the recent presidential
election campaign.” These “discussants” were then coatiadirectly and asked to report their
own political ideologies.

Respondents and discussants report their political idgdloresponse to the question “Many
people use the terms ’liberal’ and 'conservative’ to redngmifferent political opinions. | have a
scale that runs from 1 to 10, where 1 is the most liberal pmsiéind 10 is the most conservative
positive. Using any number between 1 and 10, where you de plagrself on this scale when you
think of your own political views?”

In our main analysis we consider only “political discuss&nthose with whom respondents
report discussing politics “sometimes” or “often.” As weoghin the online appendix, when
we include all respondents the estimated isolation indekose in magnitude to the “people the
respondent trusts” category in the GSS. Because the GSSusateespondents’ perceptions of
acquaintance ideology and the CNES data use discussaliparted ideology, the reasonably
close agreement between these two estimates provides sonfertthat the GSS estimates are
not severely distorted by respondents’ biased percepffemsler et. al. forthcoming).

The CNES is self-weighting so we do not employ sampling wisigim the online appendix we

show that our results are robust to dropping “topcoded’oadpnts who list 5 political discussants.

2.4 Comparability of Online and Offline Sources

Both comScore and MRI are highly regarded proprietary smsifor information on the size and
composition of media audiences.

To confirm the comparability and validity of the two sources, exploit the fact that the MRI
survey asks respondents whether they got news online fro@ RBws, AOL News, CBS News,
CNN, Fox News, MSNBC, the New York Times, USA Today, the Wate®t Journal, or Yahoo!
News in the last 24 hours.

Figure 1 shows that political outlook in the MRI and comSateita match closely. The number
of daily visits is also highly correlated between the tworses o > 0.9).

As we show in section 3.1 below, our measure of segregatiperdts only on the size and

ideological composition of news outlets. The high level gfeement on these two aggregates
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between MRI (self-reported media consumption) and conemeasured media consumption)
therefore provides some confidence in the accuracy of ouegation measures even for domains

where only self-reported media consumption data are dtai{@rior 2009).

3 Measuring ldeological Segregation

3.1 Definition

Let me M index “media” (Internet, broadcast news, etc., as well asalos of face-to-face in-
teraction such as zipcodes or workplaces). LetJ index individual “outlets” (cnn.com, ABC
Nightly News, etc., or a particular zipcode, workplace,)et€he setl is partitioned into mutually
exclusive subset$y,, the set of outletg in mediumm.

Leti €1 index individuals. Let)j, andlqonsrepresent the sets of liberals and conservatives
respectively. Eachis in eitherljj, or lcons

Definecong andlibj to be the number of conservative and liberal visits respelstto outlet;.
For news media such as the Internet, a given individual msiy miultiple outlets. For domains of
face-to-face interaction such as zipcodes, each indiVigists” one and only one outlet. Define
consy andliby, to be the total number of conservative and liberal visits @adimmm, and define
visits; = cong + libj.

Our primary measure of segregation is the isolation indelxi{®/1986, Cutler et al. 1999). For

mediumm this is:

B cong cong\ libj cong
Sn= 4 (COnsn ViSi'[Sj) jEZm (|ibm ViSi'[Sj) ' )

We refer to%ﬂzj as theshare conservativef site j, and we refer to the average share conservative

on outlets that visits asi’s conservative exposurdhe first summationy ;. ;. (% st ) is

then the visit-weighted average exposure of conservatiyes equal to the average conservative
exposure of conservatives minus the average conservapesere of liberals.
The isolation index captures the extent to which consereatilisproportionately visit outlets

whose other visitors are conservative. The index rangem frtero (all conservative and liberal
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visits are to the same outlet) to one (conservatives onlyM¥% conservative outlets and liberals
only visit 100% liberal outlets). With “liberals watchinghd reading mostly or only liberals”
(Sunstein 2001, 4-5), and conservatives behaving anasbg & would be close to one.

To the extent that the content of a news outlet is related eéocttimposition of its audience
(Gentzkow and Shapiro 2010), the isolation index can alsadaged as a proxy for the extent to
which liberals and conservatives are exposed to diffesisfand opinions.

In the online appendix, we show that the qualitative pattdrour results is similar for two
other common segregation measures: the dissimilarityif@atler et al. 1999) and the Atkinson
index (Frankel and Volij 2008).

3.2 Estimation

We estimate isolation for each medium using an appropyidefined sample analogue of equation
(). For each medium, we compute the standard error of tihmaast using a bootstrap. We report
standard errors (which are small enough that they do nottaffie comparisons we make) in the
online appendix.

We estimate conservative exposure for each Internet usireir2008 comScore microdata.
We define an individual's conservative exposure in a givear y@ be the average estimated share
conservative of the sites they visit weighted by the numibeags in the year on which they made
at least one visit.

Appendix A presents the details of our calculations. Here highlight three important con-
ceptual issues that arise in measuring isolation in our. data

First, we treat ideology as binary, with all respondentsga true ideology which is either
liberal or conservative. We impute the unobserved ideoloigynoderates by assuming that the
share conservative among moderates who visit a given astkxual to the share conservative
among visitors to the outlet who declare an ideology. Thaach will tend to overstate the extent
of segregation if, as seems likely, those who describe tbkms as moderate have less strongly
held political views, and therefore less ideologically reggted news consumption patterns, than
those who declare an ideology. In appendix B, we argue usirdjary data that our assumption

about the ideology of moderates is plausible. In sectiorB6\e present segregation measures

12



that use different assumptions to impute the ideology of enates. In the online appendix, we
present estimates of segregation using an ordinal geratial of the isolation index that does not
require us to classify respondents as liberal or consee/ati

Second, the index we calculate measures the segregatiasitsf nather than of individuals.
Individuals who make more total visits get more weight in¢hkeulation than those who make few.
The distinction is irrelevant for geographic segregatiwhere each person “visits” one and only
one neighborhood. But it can matter for media consumptidthoigh user-weighted segregation
is the concept we would ideally like to measure, we cannatutale it for the Internet using the
aggregate data that constitutes our main source. In seg&tloh, we use the comScore microdata
to estimate the segregation of Internet users and comptaréhié segregation of Internet visits.

Third, we define an Internet visit to mean visiting a givere st least once on a particular
day. One could define alternative segregation measureglarievels of aggregation (weekly
or monthly unique visitors) or lower levels of aggregatiamifue visitors in a given hour or
minute). The distinction is not trivial, because—underpleusible assumption that a group with
a high probability of visiting a site within a given time imt@l also spends more time on the site
conditional on visiting in that interval—measured segtegawill be higher the lower the level of
aggregation. We choose daily unique visitors for the Irgebecause it most closely approximates
what we can measure for other media. In section 6.1.2, weedhgu our conclusions are robust to

using coarser or finer levels of time aggregation.

4 Main Results

4.1 Segregation Online and Offline

In table 1, we report the breakdown of reported ideology f& &dlults and the different media
in our sample. In the MRI survey, 42 percent of adults desdfiiemselves as very or somewhat
conservative, 21 percent describe themselves as very cevgloat liberal, and the rest describe
themselves as moderate. (Note that self-described cats@y outnumber self-described liberals
in both the GSS and the National Election Study; see NatiOpation Research Center 2009 and

American National Election Studies 2009, respectively¢ fdeological compositions of different
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media are fairly similar to the overall population, with tlattracting a slightly larger share of
conservatives, and magazines, national newspapers, andténnet all attracting relatively more
liberals. The table also shows that the Internet remainsatively small share of overall news
consumption.

Table 2 shows the size and ideological composition of seteonline outlets in our sample.
The top of the table shows the ten largest Internet sitesteth@nost conservative sites, and the
ten most liberal sites. The largest sites are Yahoo! Newd, A®ws, and msnbc.com, which
all attract fairly representative audiences of Internetrsis The most conservative sites (accord-
ing to the ratio of conservative to liberal daily visitorgeabilloreilly.com, rushlimbaugh.com,
and glennbeck.com, all personal sites of conservativeradielevision hosts. The most liberal
sites are thinkprogress.org (a liberal blog), blogcriteg (a blog and news aggregation site), and
bvblackspin.com (a blog hosted on AOL’s Black Voices site).

Table 3 shows the size and ideological composition of offfmexlia. Viewers of Fox News
cable network are more conservative than viewers of CNN oNBIS. Viewership of the major
network newscasts is fairly representative of the poputativhile BBC and PBS newscasts attract
more liberal viewers. Readers of tiNew Yorkerand theAtlantic are relatively liberal, while
readers oBarron’s are relatively conservative. Readers of tew York Timegrint edition are
substantially more liberal than those USA Todayor the Wall Street Journal Quantitatively,
offline audiences may be less polarized than some would hegested. Thirteen percent of Fox
News’ audience is liberal, and 26 perceniNg#w York Timeseaders are conservative. Consistent
with the view that the Internet will increase segregatidre most extreme Internet sites are far
more polarized than any source offline.

We present our main estimates of segregation in table 4. Stirea&ed conservative exposure
of conservatives on the Internet is.6(percent. The estimated conservative exposure of liberals
on the Internet is 53 percent. The isolation index for the Internet is therefe®e5-53.1 = 7.5
percentage points. The data clearly reject the view thatdils only get news from a set of liberal
sites and conservatives only get news from a set of conse\stes.

The Internet falls near the top of the distribution of segtéan for media. Broadcast news
is the least segregated (1.8), followed by cable (3.3) angaziaes (4.7), then local newspapers
(4.8), the Internet (7.5), and national newspapers (10.4).
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Weighting these results by the overall size of the differaatlia shown in table 1, we estimate
that the isolation index for all media combined is 5.1. Hoddthe distribution of offline media
consumption constant, we estimate that removing the latevould reduce this number to 4.1.

Face-to-face interactions tend to be more segregated #has media. Random interactions
within a respondent’s zipcode are more segregated (9.4)ttmlinternet, though slightly less so
than national newspapers. Interactions with acquaintaftzened through voluntary associations
(14.5), workplaces (16.8), neighborhoods (18.7), andlfam{24.3) are more segregated than any
news medium, as are interactions with trusted acquainsg3€e3) and political discussants (39.4).

Figure 2 shows the same estimates in a different way. Ide@bgegregation on the Internet is
similar to segregation on other media, and substantialbllemthan the segregation of face-to-face

interactions.

4.2 Distribution of Online Exposure across Consumers

The isolation index captures the segregation of the averiage To examine other moments of the
distribution, we use the comScore microdata.

Figure 3 plots the distribution of conservative exposumdss individuals in 2008. Half of
individuals have conservative exposure between 51 peareh61 percent. The 95th percentile of
the distribution is 76 percent and the 5th percentile is 40qrd.

For comparison, someone who gets all her news from foxnewshas conservative exposure
of 88 percent, putting her at the 99th percentile. Someoreegels all her news from nytimes.com
has conservative exposure of 40 percent, putting her attthpdscentile. The vast majority of
consumers, therefore, are far from having an exclusivehgseovative or exclusively liberal news
diet.

Table 5 presents exposure between detailed ideology grdipgposure is computed analo-
gously to equation 2.) Very liberal individuals have an esyre of 13 percent to other very liberal
individuals and 15 percent to very conservative individuaVery conservative individuals have
an exposure of 9 percent to very liberal individuals and 25 to very conservative individu-
als. Exposure across ideological lines is common even thvitiuals with strongly-held political

ideologies.

15



4.3 Changes in Online Segregation over Time

Figure 4 shows how segregation of the Internet has changedtiove. Because we do not have
aggregate data on website ideology for years other than, 208%igure is based on the comScore
microdata, with estimates scaled relative to the year 200@se estimates should be taken with
caution given the limitations of the comScore microdata.

There is no evidence that ideological segregation on thexriet has increased. If anything,
segregation has declined as the Internet news audiencerdwas.gOur exploration of the data
suggests that the decline between 2007 and 2008 is attributaa moderation in the audience of

several very conservative sites.

4.4 Interpretation of Magnitudes

The discussion above focused on the way Internet segregaimpares to offline media and face-
to-face interactions. In this section, we ask whether iogichl segregation on the Internet is large
or small in absolute terms.

One approach is to look at the content that liberals and ceathees encounter online. The
average liberal's conservative exposure is 53 percentasito getting news exclusively from
cnn.com. The average conservative’s conservative expas@l percent, similar to getting news
exclusively from usatoday.com.

A second approach is to use the metaphor of online “intemastibetween conservatives and
liberals. Suppose, hypothetically, that each visitor tora@rnet news outlet interacts with one ran-
domly chosen other visitor to the same outlet. The 57 pe@internet news consumers who are
conservative are exposed to 39 percent liberals, whereak3tpercent who are liberal are exposed
to 53 percent conservatives. ThereforB7@0.39) 4+ 0.43(0.53) = 45 percent of interactions are
between individuals of different ideologies. With only agle site (and therefore no segregation)
this share would be.67(0.43) + 0.43(0.57) = 49 percent. That is, the current extent of ideolog-
ical segregation online decreases cross-ideology interacby 4 percentage points, or 8 percent,
relative to a benchmark of no segregation.

A third approach is to compare conservative exposure omdirexposure in US states. The

difference between the exposure of the average consex\atis the average liberal is similar to
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the difference between interacting with a random residellionesota or lowa (share conservative
= 61 percent), and interacting with a random resident of ldesssetts (share conservative = 52
percent) or California (share conservative = 55 percenty. réference, in the 2008 presidential
election McCain won 45 percent of the two-party vote in Misoi& and lowa, as against 37 and

38 percent in Massachusetts and California, respectiigyignal Archives 2008).

5 What Determines the Extent of Segregation Online?

The facts presented so far suggest that ideological segyaga the Internet is lower, both in abso-
lute terms and relative to other domains of interactionn timany observers have conjectured. We
highlight two features of the economics of news marketspbg&tntially limit online segregation.

First, online news sites are vertically differentiatedthie sense that a large amount of traffic
goes to a small number of mainstream news sites that, athgastvealed preference, are con-
sidered high quality by most consumers. Much of the disomsabout political extremism online
has focused on political blogs and other small sites. Oua dhbw that some of these sites are
indeed very extreme, but they account for a negligible shateternet news consumption. Most
consumption is instead concentrated in a small number dfisesites.

Figure 5 shows the cumulative distribution of daily uniqusitg by site size. The top four
sites—Yahoo! News, AOL News, msnbc.com, and cnn.com—atdou more than 50 percent of
all visits, the top 10 sites account for more than 60 percemd,the top 20 sites account for nearly
80 percent. Toillustrate the fact that these large sitessdaévely centrist, consider the distribution
across sites of share conservative. The unweighted dittibof site share conservative has a
standard deviation of 22 percentage points and an intelitpueainge of 29 percentage points.
Weighting by site size (average daily unique visitors),dregribution is greatly compressed. The
weighted distribution has a standard deviation of 14 pdeggnpoints and an interquartile range
of 7 percentage points. Table 6 shows that the isolatiorxirdeuch greater for the smallest sites
in the sample than for the largest.

Second, users are not restricted to get all their news fragrsda. The typical conservative or
liberal siteis therefore far more extreme than the diet of the typicakeovative or liberaliser.

Figure 6 illustrates this distinction by plotting the consgive exposure of a site’s average
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daily visitor against the estimated share conservativdersite (or, equivalently, the conservative
exposure of an individual who gets all her news from that)sit€he regression line is much
shallower than the 45-degree line, reflecting the fact tkreme sites are more common than
extreme users. A large number of sites have share consergagater than 80 percent or less
than 40 percent. By contrast, there are no sites whose aeegadger has conservative exposure
greater than 80 percent or less than 40 percent. Put diffgrérwe were to sample readers from
conservative sites like drudgereport.com, we would fintdiiast of their readers get most of their
news from sites that are substantially less conservatimila8ly, if we were to sample readers
from liberal sites like huffingtonpost.com, we would find timaost of their readers get most of
their news from sites that are substantially less liberal.

Table 7 shows cross-visiting patterns in more detail. Fohex the ten most liberal and ten
most conservative sites in our data, the table shows the sfi#neir monthly visitors who visited
Yahoo! News, foxnews.com, and nytimes.com in the same ma#sitors to the most conserva-
tive sites are typically more likely to visit nytimes.comtive same month than the average Internet
user or the average visitor to Yahoo! News. Visitors to theshiiberal sites are typically more
likely to visit foxnews.com than the average Internet ugethe average visitor to Yahoo! News.
Consistent with these facts, we show in the online appendikrmany of the most ideologically
extreme sites have an unusually high share of visitors whart&eing actively involved in politics.

To take an even more extreme example, visitors to stormbapta “discussion board for
pro-White activists and anyone else interested in Whiteigal;” are twice as likely as visitors to

Yahoo! News to visit nytimes.com in the same month.

6 Additional Results

6.1 Robusthess
6.1.1 Weighting

As discussed in section 3.2, our main segregation estimaaght users by the total number of
visits they make on each medium. That is, they capture theegation of the average visit rather

than the segregation of the average user. We cannot ca@later-weighted version of our main
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measure for the Internet because it is based on aggregateAmtan approximation, we use the
2008 comScore microdata to estimate that the ratio of usgghed to visit-weighted segregation
is 0.71. Applying this ratio to our main measure we estimate a-usgghted isolation index of

5.3 percentage points.

6.1.2 Time Aggregation

Section 3.2 notes that our main segregation estimates defuigt to mean looking at a site at
least once on a given day. Under reasonable assumptiongpeetehe absolute magnitude of the
isolation index to be higher for shorter time intervals amaér for longer time intervals.

Daily visits is the finest level of aggregation that we can pane across media. We can,
however, use the 2008 comScore microdata to look at how diegtiisn index depends on the level
of time aggregation. As in section 6.1.1 above, we use the cdtuser-weighted segregation in
the microdata to visit-weighted segregation in our main@arto scale microdata calculations into
units comparable to those of our main estimétes.

As noted in section 6.1.1 above, the user-weighted isalatidex is equal to 3 percentage
points when we define a visit to be a unique daily visit. Weneate that the user-weighted isola-
tion index falls to 32 percentage points when we define a visit to be a unigaethlyvisit, and
increases to .9 and 108 percentage points when we define a visit to be a unique pageori a
unique minute respectively. Because we do not observe @fffiadia or face-to-face interactions
at these alternative levels of aggregation, we cannot saythe relative rankings would change.
The absolute magnitude of isolation for the Internet, haveremains relatively low even at the

finest possible level of aggregation.

6.1.3 Other Robustness Checks

We present additional robustness checks in table 8. Thadinspresents our baseline estimates
from table 4.

The next row shows that low segregation on the Internet isonbt driven by Yahoo! News

4As noted in section 6.1.1, weighting by visits rather thaerssntroduces some upward bias in our segregation
measure. Weighting by page views or minutes increases tgeitnde of this distortion, while weighting by monthly
unique visits reduces it.
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and AOL News—the isolation index is still only Blpercentage points when these important sites
are excluded.

The following three rows present estimates for expandedsetebsites. First, we add Google
News to our sample. (Google News is excluded from our mairpgabecause comScore classifies
it as a search site rather than a news site.) Adding thisesiigces the Internet isolation index from
7.5 to 7.2 percentage points.

Next, we expand our sample to include 391 websites for whiehhave comScore Media
Metrix data on average daily visitors, but no Plan Metrixadan visitor ideology. For these sites,
we estimate segregation using the comScore microdata aodleethe units so that the estimates
agree for the set of overlapping sites. We estimate thatrekpg the long tail of websites in
this way increases the Internet isolation index frof 6 99 percentage points. The sites in this
sample are listed in the online appendix.

In the next row, we compute an upper bound for the segregat®nvould observe if we
could measure the entire population of Internet news siddsscompute the share of online news
consumption accounted for by the sites in our main samplestiynating a power-law distribution
for site size (Adamic 2010) and calculating the implied shaf consumption accounted for by
the top 119 sites (the number in our main sample). We computgper bound by assuming all
remaining consumption is of sites with 100 percent congmerar 100 percent liberal readership.
We estimate that the maximum possible value of the isolatidex for the entire population of
online news sites is 1P percentage points.

The following five rows report alternative treatments of re@de respondents. Categorizing
them as conservatives, categorizing them as liberal, amgpirg them from the sample entirely
yields isolation indices of B, 7.9, and 91 percentage points respectively. Assuming that the
share conservative among moderates on each site is eqhal ewérall share conservative on the
Internet yields an isolation index of Apercentage points . Assuming that moderates on all sies ar
half conservative and half liberal yields an isolation nadé 4.8 percentage points. In the online
appendix, we present results for other media and for fadae® interactions using the latter two
alternative assumptions.

The following two rows report isolation measures replaciaogr conservative-liberal

measure of ideology with alternative ideology measures. rstFiwe use a measure of
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party affiliation. Plan Metrix respondents are asked “Do yowonsider yourself to be
a...[Republican/Democrat/Independent/Other/No dfiiilig?” We classify Republicans as con-
servative and Democrats as liberal, treating all otheraedpnts in parallel with our treatment
of moderate respondents in our main analysis. The sizehsedgcorrelation between our main
measure of share conservative and the party-based mea€l88,iand in the table we show that
the isolation index goes down slightly from57to 7.1 percentage points using the party-based
measure.

In the final row, we use the right-of-median zipcode ideolaggasure that forms our proxy in
the comScore microdata, and estimate an isolation index3gbdrcentage points for sites in both

our main sample and the comScore microdata.

6.2 Outlet-level vs. Content-level Segregation

Our segregation measure captures the extent to which lsbaral conservatives visit the same
outlets. We cannot observe directly whether they choosedd the same stories within those
outlets. The possibility of within-outlet sorting appliesall media—newspapers consist of many
articles, most of which are not read by most readers. In @hdibutlet-level segregation per se is
of interest, because it determines the extent to whichdiseand conservatives are exposed to the
same front page, side-bar links, and headlines as theyeltitair preferred conteft.

With those caveats in mind, we explore story-level segregain the Internet by asking how
outlet-level segregation changes on days when there is ar magnt that causes a spike in total
news demand. The extra consumption of conservatives aahl#on such days will presumably
be devoted to reading about the event. Therefore on majos s outlet-level segregation
is more representative of story-level segregation thantberadays. If outlet-level segregation

is normally low because liberals and conservatives can dié@rent content on the same site,

5Although customization and referrals from portal pagedaoeduce such “unexpected encounters,” at present
they represent a minority approach to consuming news anlmeur microdata, visits to news sites resulting from
referrals by other news sites account for 13 percent of @i dasits. Among respondents to the 2008 Pew Research
Center Biennial Media Consumption Survey who say they readsronline, 64 percent say they never use portal
pages such as iGoogle or My Yahoo! that potentially inclugg@mized news. Only 14 percent report sending a news
story by e-mail in the past week, 27 percent report receigimgws story by e-mail in the past week, and 12 percent
report ever receiving news items via an RSS feed (Pew Rds€amter for the People and the Press 2008). Moreover,
to our knowledge, none of the major portal sites currentigvalusers to select news according to its political slant.
The customization options typically only allow users tcefilhews by broad categories such as sports, crime, or local
stories.
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then outlet-level segregation should increase on majosrdays when the overlap in their story
readership is higher.

We select the top news events of 2008 and 2007 as defined bygHoeiated Press (Crary 2007,
Star News Online 2008). The top news event of 2008 is thegeasial election on November 4.
The top news event of 2007 is the Virginia Tech massacre ol 2pr

The top two panels of figure 7 show the total number of uniq#orns for all news sites
in our comScore micro-data sample for each day in 2008 and B&$pectively. In 2008, news
consumption increases steadily in the weeks approachimgeltction, and jumps two-fold on
election day itself. In 2007, there is a clear spike on theafdlie shooting.

The bottom two panels of figure 7 show daily isolation indiesimated from the comScore
microdata, using our zipcode-based ideology proxy. Weatedtis measure so the mean across
days is equal to the isolation index for our main measure0bB2we see no buildup in the weeks
before the election, and no spike in segregation on eledagnin 2007, we see no increase on the
day of the Virginia Tech shooting. In fact, segregation othlaf the major news days is actually
lower than average.

Conservatives and liberals did not get their informatioautlihe top news events of 2007 and
2008 from very different sources. If anything, sources ébrimation are less segregated when a
major news event unfolds, even though such days are likedyackerized by limited within-site

segregation.

6.3 Non-ideological Segregation

To place our results in the context of other forms of segiegan US society, figure 8 presents the
isolation index for race, gender, education, and incomeifitine media, offline media, geographic
location, and political discussants. The format paratieds of figure 2.

The figure exhibits the familiar and striking pattern of edgjeographic segregation. The racial
isolationindex for US zipcodes is 49percentage points and for counties is{dercentage points.
The isolation index for political discussants is even higl@d.9). Local newspapers—whose seg-
regation tends to track that of metropolitan areas—haveialrigolation index of 1B percentage

points. Other news media, including Internet news, haveléwls of racial segregation.
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Geographic isolation by education is less severe than ke aividing households into those
with a college graduate and those without, we compute aatisalindex of 214 percentage points
for zipcodes and .8 percentage points for counties. The isolation index fditipal discussants is
again higher (4B). The most segregated news medium by education is natiemapapers (2),
followed by local newspapers @& and magazines (@). The corresponding education isolation
index for Internet news is.I percentage points.

The pattern of segregation by income is broadly similar eoghttern of segregation by edu-
cation. The Internet isolation index for income i8 @ercentage points, and the most segregated
news medium is local newspapers4p

Not surprisingly, the genders are not very segregated gpebgrally. Indeed, segregation by
gender is generally quite low. The most segregated newsangdgender are the Internet. %3

and magazines (2).

7 Conclusion

The evidence above suggests that ideological segregatitimrednternet is low in absolute terms,
higher than most offline media (excluding national newspapand significantly lower than segre-
gation of face-to-face interactions in social networkseiinet news consumers with homogeneous
news diets are rare. These findings may mitigate concerms®sgu by Sunstein (2001) and others
that the Internet will increase ideological polarizatiodhreaten democracy.

We trace our findings back to two key properties of Internatsnédemand: (i) news sites
are highly vertically differentiated, and (ii) news consens visit multiple sites. We take both
properties as given for the purposes of the analysis in therphut both flow from the fundamental
economics of the news media.

Consider first the fact that large and relatively moderdgsslominate Internet news. Although
consumers’ tastes in news are heterogeneous, they arg bmhélated—most people prefer sto-
ries that are timely, well written, entertaining, and do paotit or explicitly misreport important
facts. News production has high fixed costs and low margiostisc(especially online), meaning
producers will be more likely to invest in creating a qualityduct if they can appeal to a wide

audience.
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Itis true that the Internet allows consumersili@r news relatively freely, but it has not changed
the fact thatreporting or writing stories that are tailored to a particular point of view isttos
There is no computer program that can take a story writteh Maeral slant as input, and output
an account of the same facts written with conservative sl@ne could imagine a news site that
presented the Neo-Nazi perspective on all of the day’s evéinst hand Neo-Nazi reports from a
hurricane in Florida, a Neo-Nazi perspective on the Supelkand so forth. But such a site does
not exist, to our knowledge, likely because the Neo-Nazienak is too small to make such an
investment worthwhile, and the preferences of Neo-Nazisfany stories are not actually all that
different from those of the average consumer.

Consider next the tendency of news consumers to visit nielbiptiets, and the related fact that
even visitors to ideologically extreme sites have fairlydamte news diets. Here too, there are
basic economics that drive the pattern we see. The Interakésnt easy to consume news from
multiple sources. Of course many people do get news from améysource, but these tend to be
light users, and their sole source tends to be one of the talgvely centrist outlets. Most of the
people who visit sites like drudgereport.com or huffingtastpcom, by contrast, are heavy Inter-
net users with a strong interest in politics. Although thtitical views are relatively extreme,
they also tend to consume more of everything, includingresrgites and occasionally sites with
conflicting ideology. Their omnivorousness outweighsitigg@ological extremity, preventing their
overall news diet from becoming too skewed. These pattercsrd with evidence on “long tail”
consumption in other domains, such as movie rentals (E#068).

If we are correct in attributing our findings to these deepenemic forces, then we can have
some confidence that the pattern of low segregation onliheaovitinue as the Internet news market
develops.

An important caveat, however, is that none of our evidenealspto the way people translate
the content they encounter into beliefs. Both Bayesian {Zxemw and Shapiro 2006; Acemoglu
et al. 2009) and non-Bayesian (Lord et al. 1979) mechanismslead people with divergent
political views to interpret the same information diffetignand the beliefs of conservatives and
liberals frequently diverge on important factual questioihat they do so despite the fact that
most Americans are getting their information from the sameces emphasizes the importance of

further research on the formation and evolution of beliefs.
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A Appendix: Computing the Isolation Index

In this appendix we provide additional detail about theasioh index calculations that we present
in the paper.

To compute the isolation index, we must classify all resgonsl as conservative or liberal.
In the comScore PlanMetrix and MRI data, we classify those aswer “middle of the road” to
the political outlook question as missing data and we diasdi others as either conservative or
liberal. In the GSS data, we classify moderates (point 4 hen7tpoint ideology scale as having
missing ideology data and we classify all others as eithesexvative (5 or more) or liberal (3 or
less). In the CNES data, we classify moderates (points 5 on@he 10-point ideology scale as
having missing ideology data and we classify all others#®econservative (7 or more) or liberal
(4 or less). As discussed in section 3.2, we assume that #re sbnservative among visitors to
a given outlet with missing data is equal to the share coasgevamong those who declare a
conservative or liberal ideology.

To estimate the isolation index for social interactiondweitquaintances and political discus-
sants, we define a separate “outl¢torresponding to the acquaintances or discussants of every
respondent. We estimate the share conservatﬁ%% in each such outlet as the number of re-
ported conservatives divided by the total number of repoctnservatives and liberals. We then
compute the sample analogue of equation (1) as the averabes share among conservative re-
spondents minus the average of this share among liberadndspts, using the GSS and CNES
sampling weights respectively.

To estimate each individual’s conservative exposure felrkernet using the 2008 comScore
microdata, we define sitgs share conservative to be the number of daily visitors wémort
conservative ideology divided by the number of daily vistavho report conservative or liberal
ideology.

To estimate the isolation index for the Internet, offline mgednd geographic areas, we define

5The sample of individuals we consider in the GSS and the C¥EBe sample of respondents, rather than the
sample of respondents’ acquaintances / discussants. omtime appendix we report results that treat a respondent’s
acquaintances / discussants as exposed to one anotheratiédrespecification is similar in spirit to DiPrete et al.
(forthcoming), who define segregation to be the extent ofdigpersion in the “number known” of a given type of
person, relative to a benchmark of random network formafldrey show that the measure they use is closely related
to the isolation index that we use as our primary measuregregation, though the two measures are reported in
different units.

30



the sample analogueong to be the number of observed conservative daily visitorsuibeo j,
divided by the share of all daily visitors to outlgtwith non-missing ideology. We defiriﬁ)j
analogously. We define the remaining sample analogases, 1Bm, andvi§itsj of the terms in

equation (1) by summingon§ andlfbj. We then compute the following estimate:

- cong cong — X;j lib cong
= = Wij—r——— | — = Wij—=—" | 2
Sm jgm<consn> (ieéns U visits —Xij) jgm (Iibm> (ig“b U visits; —Xij> @)

wherex;j represents respondeirg weight in estimating outlej’s share conservative, ang; =

Xi . Xi .
m fOI’I S |Con5andWij - m for I € ||ib.7

1 i ! - -

The terms = and Vis‘i:t?%xi_ are the share conservative among respondzthes than i

) ) ) A

visiting site j, for the case whereis conservative and liberal respectively. We replace tlagesh

conservative\%'rgj in equation (1) with these “leave-out means” rather thamv\\/?ti%% to avoid
)

a small-sample bias discussed by Carrington and Trosker{1881 Ransom (2000). To see the
ons
Sits;

j. Even if %:21 is the same for all outlets (and hence isolation is ze\f’éﬂ% will tend to vary

intuition for the bias, note that the isolation index will eeater the more th varies across

in a small sample, leading to an upward bias in the uncomestémator that use\%g%. Monte

)
Carlo experiments confirm that the estimator in equations(Bnbiased even when the number of
sampled visitors per outlet is small, and that the uncoeceeistimator has a clear positive bias.

For reference, we present estimates of the uncorrectedadsti in the online appendix.

B Appendix: Imputing the Ideology of Moderates

In our main calculations we assume that the share conses\ationg the moderates who visit a
given outlet is equal to the share conservative among wssttothe same outlet who declare an
ideology. In section 6.1.3 and the online appendix, we priegssults using a range of alternative
assumptions.

In this appendix we investigate the plausibility of the asption that we use in our main

"For Internet, we definej to be constant acrosand equal tqcong + IiBj) divided by the number of Plan Metrix
survey respondents with non-missing ideology who visiteiyt For non-Internet media and geographic areas, we
definex;j to bei's MRI-defined sampling weight times the number of daily tasimade to outlef, divided by the
share of all daily visits to sit¢ by respondents with non-missing ideology.
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calculations, using data from the American National Eec®tudy (ANES).

The ANES asks the following question of respondents: “Wer lzebot of talk these days
about liberals and conservatives. When it comes to palitlosyou usually think of yourself as
extremely liberal, liberal, slightly liberal, moderate middle of the road, slightly conservative,
extremely conservative, or haven’t you thought much abug®t

In recent years of the study, respondents who report thgtafee“moderate or middle of the
road” are asked “If you had to choose, would you consider $elfia liberal or a conservative?”
About two-thirds of moderates declare a liberal or condergdeaning.

Appendix figure 1 shows the relationship, across US statdsden the share conservative
among moderates who report a leaning and the share congeraatong those who declare an
ideology initially. The assumption that the share condergamong a state’s moderates is equal
to the share conservative among those in the state who degladeology implies a slope of one in
the fitted line presented in the figure. The estimated slop84# and is statistically distinguishable
from zero p — value< 0.001) but not from one{— value= 0.365).

The evidence in appendix figure 1 shows that, if we can takeenabels’ expressed leanings
as an indicator of their true ideology, the assumption wasiapplicable for US states. We cannot
test the assumption directly for Internet news outlets aedther media in our study because the
ANES does not have detailed outlet-level visiting inforrmatcomparable to the datasets we use

in the paper.
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Table 1: Size and Ideological Composition of Major News Medi
US adult population: 42% conservative, 21% liberal, 38% erade

Medium Share of Daily Visitors Who Are: Share of
Conservative Liberal Moderate Daily Visits

Cable 45 19 .36 .29
Local newspapers 43 19 .38 .29
Broadcast news 42 .20 .38 .24
Internet 37 .28 .35 10
Magazines .37 .28 .35 .05
National newspapers 40 31 .29 .03

Note: Share of daily visits is the ratio of the sum of averagigydinique visitors across all outlets in the
medium to the sum of average daily unique visitors acrossuléts in all media. Share of daily visitors
who are [conservative/liberal/moderate] is the averagesamutlets of the share of daily visitors who
report a given ideology, weighting each outlet in the medhynits average daily unique visitors.
Conservative includes respondents who report that thegamnewhat or very conservative; liberal includes
respondents who report that they are somewhat or very libemerate includes respondents who report
that they are “middle of the road.” Internet data are from 8awore; data on other media are from MRI.
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Table 2: Size and Ideological Composition of Online Newsl€st

Ten Largest

Site Share of Daily Visitors Who Are: Daily UV
Conservative Liberal Moderate ('000)
drudgereport.com .78 .06 .16 475
foxnews.com .76 .10 .14 1,159
AOL News 37 .23 .40 3,971
usatoday.com .37 .25 37 518
msnbc.com .34 .26 .40 3,264
Yahoo! News 31 .25 43 6,455
cnn.com .33 .27 .40 2,650
nytimes.com .30 45 .25 879
huffingtonpost.com .22 52 .26 583
BBC News .16 .57 .26 472

Most Conservative

Site Share of Daily Visitors Who Are: Daily UV
Conservative Liberal Moderate ('000)
billoreilly.com .99 .00 .01 10
rushlimbaugh.com .97 .01 .03 43
glennbeck.com .89 .01 .09 38
humanevents.com 91 .03 .06 21
townhall.com .89 .04 .08 42
thestate.com .58 .04 .38 36
aclj.org .85 .06 .09 18
cnsnews.com .92 .06 .01 12
drudgereport.com .78 .06 .16 475
realclearpolitics.com .87 .07 .06 41
Most Liberal
Site Share of Daily Visitors Who Are: Daily UV
Conservative Liberal Moderate ('000)
thinkprogress.org .05 .83 A2 12
blogcritics.org 12 .61 .27 17
bvblackspin.com .09 43 48 57
moveon.org 14 .58 .28 21
BBC News .16 .57 .26 472
blogtalkradio.com 17 .58 .25 33
reddit.com 15 .52 .33 36
newsvine.com .21 .63 .16 56
alternet.org .24 .67 .10 16
dailykos.com .25 .68 .06 26

Notes: Average daily unique visitors is reported in 1000atalare from comScore. Conservative includes respondémiseport that they are
somewhat or very conservative; liberal includes respotsdeho report that they are somewhat or very liberal; moddratudes respondents who
report that they are “middle of the road.” “Most consenatigites are those with the highest ratio of conservativébtral daily visitors; “most
liberal” sites are those with the highest ratio of Iiberatmmervativ%ily visitors. Sites are presented in delogrorder by the ratio of

conservative to liberal daily visitors. To improve preoisi sites with fewer than 10000 average daily unique visitme excluded from “most

conservative” and “most liberal” lists.



Table 3: Size and Ideological Composition of Offline News|€xst

Magazines

Magazine Share of Daily Readers Who Are:  Market

Conservative Liberal Moderate Share
Barron’s .43 .19 .37 .02
U.S. News & World Report 43 .20 37 14
BusinessWeek 42 21 37 .07
Forbes .40 22 37 .04
Fortune 37 .24 .39 .03
TIME .35 .27 .38 31
Newsweek 37 .29 .34 27
The Economist .35 41 .23 .04
The Atlantic .24 .55 21 .01
The New Yorker A7 .60 .24 .07

National Newspapers

Paper Share of Daily Readers Who Are:  Market
Conservative Liberal Moderate Share
USA Today 45 22 .33 .40
The Wall Street Journal .45 21 .34 .29
The New York Times .26 .54 21 31

Broadcast News

Channel Share of Daily Viewers Who Are:  Market
Conservative Liberal Moderate Share
CBS 42 .18 .40 .28
NBC 44 .20 .36 .29
ABC 42 .19 40 31
BBC .37 .30 .33 .06
PBS .32 .37 .30 .07
Cable
Channel Share of Daily Viewers Who Are:  Market
Conservative Liberal Moderate Share
Fox News Channel .54 13 .33 .36
Bloomberg Television .50 .18 .32 .01
CNBC 41 .22 .37 13
CNN 40 22 .38 .33
MSNBC .39 .24 .36 17

Data are from MRI. Conservative includes respondents wportehat they are somewhat or very
conservative; liberal includes respondents who repotttliey are somewhat or very liberal; moderate
includes respondents who report that they are “middle ofalad.” Outlets are presented in descending
order by the ratio of conservative to liberal daily readaesters. Market share is the ratio of the outlet’'s
daily readers/viewers to the sum of daily readers/viewersss all listed outlets in the medium. Market

shares may not sum to one due to rounding.
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Table 4: Ideological Segregation by Medium and Type of kxtdon

Conservative Exposure of
Conservatives Liberals Isolation Index

Internet .606 531 .075
Offline Media
Broadcast News 677 .660 .018
Cable 712 .679 .033
Magazines .587 540 .047
Local Newspapers .695 .647 .048
National Newspapers .612 .508 104
Face-to-Face Interactions
County .682 .622 .059
Zipcode .637 543 .094
Voluntary Associations .625 480 145
Work .596 428 .168
Neighborhood .627 439 .187
Family .690 447 243
People You Trust 675 372 .303
Political Discussants .796 402 .394

Notes: Internet data are from comScore. County, zipcodip#tine media data are from MRI. Voluntary
associations, work, neighborhood, family, and “people tyast” data are from the GSS. Political
discussants data are from the CNES. See section 3 for detetitee construction of exposure and isolation
measures.
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Table 5: Exposure by Detailed Ideology
Exposure to:

Very Somewhat Middle ofthe  Somewhat Very
Exposure of: Liberal  Liberal Road Conservative Conseveati
Very Liberal 0.130 0.186 0.345 0.192 0.148
Somewhat Liberal 0.112 0.190 0.357 0.191 0.150
Middle of the Road 0.100 0.172 0.377 0.199 0.152
Somewhat Conservative  0.097 0.161 0.347 0.214 0.182
Very Conservative 0.087 0.147 0.309 0.212 0.246
All Internet Users 0.102 0.170 0.352 0.202 0.174

Notes: Data are from comScore. See section 3 for definiti@xpdbsure.
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Table 6: Ideological Segregation by Site Size

Subset of Sites  Share of Daily Cons. Exposure of

with Size Rank Visitors Conservatives Liberals Isolatindex
1-10 .687 .599 .536 .062
11-25 147 .584 .526 .058
26-50 .094 .610 525 .086
51+ .065 .695 482 213

Notes: Data are from comScore. Share of daily visitors igrdetion of total daily unique visitors across

all sites accounted for by sites in the given size group. Betos 3 for details on the construction of
exposure and isolation measures.
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Table 7: Cross-Visiting Online
Share Visiting in the Same Month

Site Yahoo! News foxnews.com nytimes.com
Monthly Visitors of:

Any Internet Site .24 .05 .06
Yahoo! News 1.00 .09 12

Most Conservative

billoreilly.com .38 .50 .22
rushlimbaugh.com .50 49 31
glennbeck.com 44 44 21
humanevents.com 51 44 .34
townhall.com .51 42 .33
thestate.com 43 .28 21
aclj.org 42 .25 15
cnsnews.com .61 .60 A4
drudgereport.com 52 44 .30
realclearpolitics.com .60 .53 51
Most Liberal

thinkprogress.org .57 .33 48
blogcritics.org .30 13 21
bvblackspin.com .25 12 14
moveon.org 41 12 27
BBC News .39 .18 .25
blogtalkradio.com 24 .07 14
reddit.com .35 A2 .28
newsvine.com 37 24 21
alternet.org .45 24 40
dailykos.com 45 .24 40

Notes: The table reports the share of all monthly uniqudorsito a given site (listed in the first column)
that make at least one visit in the same month to Yahoo! Neyisnas.com, and foxnews.com. These data
are taken from comScore Media Metrix and are averaged oeet2hmonths of 2009.
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Table 8: Robustness Checks
Share of Interactions w/Conservatives (Internet)

Conservative Liberal Isolation Index

Baseline .606 531 .075
Exclude AOL & Yahoo! .622 .509 113
Expand the Set of News Sites

Add Google News .601 .530 .072

391 Websites in comScore Microdata .616 517 .099

All News Websites Upper Bound 617 516 102
Moderates

Treat as Conservatives 742 .692 .050

Treat as Liberals 425 .346 .079

Drop .618 528 .091

Treat as Drawn at Random .598 551 .047

Treat as 50-50 574 525 .048
Alternative ldeology Measures

Political Party 522 451 071

Right-of-Median Zipcode 510 497 .013

Notes: Data are from comScore. See section 3 for detailseoodhstruction of exposure and isolation
measures. Zipcode ideology measure is constructed fromr&ddlection Commission data on political
contributions. See section 6 for details.
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Figure 1. Comparison of MRI and comScore Share Conservative
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Notes: Data are from comScore and MRI. Share conservatitie isstimated share of daily visitors who are

conservative among those who report being either consesvait liberal. The line shown is the 45-degree
line.
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Figure 2: Ideological Segregation by Medium and Type ofret&on
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Figure 3: Distribution of Conservative Exposure acroserimet Users
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Notes: Data are from comScore. An individual's consereatposure is defined as the average share
conservative on sites she visited during 2008, weightirch esste by the number of days in the year on
which she made at least one visit to the site. See section Rifitrer details on the construction of the
exposure index.
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Figure 4: Changes in Isolation Over Time
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Notes: Data are from comScore microdata. The isolationxiiglecaled relative to the year 2008, so that
the value for 2008 is 1.00.
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Figure 5: Cumulative Distribution of Internet Unique Vit
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Figure 6: Visitor Exposure vs. Site Share Conservative
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Notes: Data are from comScore. Figure plots conservatipesxe of average daily visitor against the
share of daily visitors who are conservative. An individaabnservative exposure is defined as the average
share conservative on sites she visited during 2008, weighy the number of days in the year on which
she made at least one visit. The solid line is an OLS regned$ijdhe dotted line is the 45-degree line. See
section 3 for further details on the construction of the expe index.
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Figure 7: Online Daily Visitors and Segregation by Day
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Appendix Figure 1:

Imputing the Ideology of Moderates

N oo | OKS

% - ® AR

o} oNE

©

<) e ND @IN

E™ oLA oMs

g oAZ OGANV.NV,OK

£ oCT olp® F.Lﬂ.«mtr:

@®© © ®OR ..MSI\? O AL

g oMA ..Fzﬁ oTX

‘§ e CA oM @ v vBITHT

S @Co ®TN

3)) o oIL

S ) eNny @UT

8 o WA

> @ ONM

£

%q: | ®MD

Q

(O]

S

]

N

nom oKY
T T T T T
4 5 6 7 .8

Share Conservative

Fitted values

Notes: Data are from the American National Election Studynfielectionstudies.org), years 1988, 1992,
1996, 1998, 2000, 2002, 2004, 2008. The unit of observatidha US state. The x-axis shows the fraction
conservative among those declaring an ideology. The yshasvs the fraction conservative among mod-
erates who report a “leaning.” Sample excludes states witlef than 25 moderate “leaners” during the

sample period.
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