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1 Introduction

The median voter theorem (Black, 1948; Downs, 1957) suggests that politicians will move

towards the center in order to appeal to the median voter. However, over the past half

century, politicians and voters have moved more towards the extremes. Evidence from

congressional voting records (McCarty, Poole and Rosenthal, 1997; Hare and Poole, 2014)

and changes in congressional speech (Gentzkow, Shapiro and Taddy, 2015) show that

the U.S. Congress has become more politically polarized since the 1980s. This trend is

also reflected in voters. According to a 2014 Pew Research Center survey,1 the median

Republican in 2014 was more conservative than 92% of Democrats, compared to 64%

in 1994.2 The recent rise of politically extreme presidential candidates such as Donald

Trump and Bernie Sanders is further evidence to a widening gap in american political

ideology.

One cause of political polarization might be changes in the composition of news media.

While Gentzkow, Shapiro and Sinkinson (2011) show that the entry of partisan newspapers

in the early part of the century had little effect on party vote share, Levendusky (2013)

and Martin and Yurukoglu (2014) show that exposure to partisan cable networks such as

Fox News and MSNBC can influence voters’ political positions. Sunstein (2001) argues

that the Internet might help explain political polarization, as selective online behavior

crowds out more ideologically diverse social interactions. Indeed, using micro-level

1Pew Research Center for the People and the Press, June 2014. Report, available for download at: http:
//www.people-press.org/files/2014/06/6-12-2014-Political-Polarization-Release.
pdf, accessed on March 25, 2016.

2The same trend holds for Democrats. In 2014, 92% of Democrats were more liberal than the median
Republican, compared to 70% in 1994.
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browsing data, Gentzkow and Shapiro (2011) show that news consumption online is more

ideologically segregated than broadcast and cable television. However, in contrast to

Sunstein’s hypothesis, they find that news consumption online is less segregated than

offline newspaper readership, and significantly less segregated than "real life" interactions

with friends, colleagues, and political discussants.

This paper re-examines the role of the Internet in promoting political polarization

in light of the rise of social networking sites such as Facebook and Twitter. Social

networking sites facilitate communication among colleagues, friends, and family and have

also become important mechanisms by which politicians communicate with voters. Given

homophily on social networking sites (the tendency for members of a group to associate

disproportionately with other group members), it is not surprising that Halberstam

and Knight (2015) compute isolation measures more similar to those observed in real

life social networks than Gentzkow and Shapiro (2011) find in traditional online media

consumption. I hypothesize that homophily on Twitter limits the exposure that users

have to the competing political views of other users.

I examine this hypothesis in the context of the 2016 presidential election. First, using

correspondence analysis on the Twitter followers of Members of Congress, I am able to

measure the political ideology of presidential candidates and their Twitter followers. I

document that the Twitter followers of the top presidential candidates—Donald Trump

and Ted Cruz on the right and Hillary Clinton and Bernie Sanders on the left—are similar

in ideology to the candidates they follow and that candidates have a higher fraction
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of same type-followers than different-type followers.3 I show that when a Twitter user

replies to a tweet by a politician from whom they are distant in ideological space—say

when a liberal replies to a tweet by a Republican—the reply is seen by a smaller fraction

of the replier’s followers. Moreover, the followers who do see the reply from a liberal

tend to be more liberal than the followers who see a reply from a conservative and vice

versa. Since users are not necessarily aware that they are not exposed to a representative

sample of replies, they may overestimate the abundance and validity of statements with

which they agree.

In this paper, I focus on replies to politicians’ tweets as opposed to tweets by politicians

themselves. I take this approach because the opinions of peers have been shown to be

influential on other voters. Brewer et al. (2015) show that exposure to a biased set of

comments can significantly influence beliefs about a candidate. They ran an experiment

on Facebook where they created a fake politician and populated his page with fake

comments. Users were randomly exposed to a set of positive or negative comments and

then asked about their perceptions of the politician. Users exposed to more positive

comments reported being more likely to vote for the politician than users exposed to

negative comments about the politician. However, they found that replies made by the

politician himself had little impact on a user’s likelihood of voting for the politician. This

suggests that statements made by peers could be more influential on voters’ opinions

than statements by politicians.

This is not the first paper to examine network structure on Twitter. Conover et al.

3For example, Hillary Clinton has more liberal followers than conservative followers.
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(2011) first reported homophily in retweets on Twitter, although they find that mentions

do not exhibit homophily. Barberá et al. (2015) find that the Twitter network is not

inherently segregated; when engaged in discussions about non-political topics, users

disseminate information from ideologically opposed sources. However, they do confirm

that, with regards to discussions about politics, users are not generally exposed to diverse

perspectives. Finally, Halberstam and Knight (2015) develop a model that predicts that

users are disproportionally exposed to like-minded opinions and furthermore exposed

to this information more quickly than opposing opinions. However, all of these studies

focus on how information produced by candidates gets disseminated. In this paper, I

contribute to the literature by examining how users are exposed to replies to candidate

tweets—not exposure to the original content—given the importance of peer effects in

shaping voters’ opinions.

In Section 2, I model the Twitter network under assumptions of homophily and show

that, in theory, cross-type replies should get less exposure than same-type replies. In

this section I also define the homophily measures I consider and my methodology for

estimating ideology on Twitter. In Section 3, I describe the data that I use to test my

hypothesis. Section 4 presents the results of my findings and discusses their implications.

Section 5 concludes.
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2 Modeling Twitter as a Network

2.1 Twitter Mechanics

Before modeling the Twitter network, I will define some Twitter-specific terminology. A

user is a person or organization that sends tweets. Users are identified by their screenname,

sometimes called their handle or username. A user’s followers is the list of accounts that

receive updates in the form of tweets from a user. A user’s friends is defined as the set of

accounts that a user follows.

The Twitter network can be thought of as a directed graph; following another user

is a unidirectional action, so a user’s friends and followers are not necessarily the same.

This is different from other online social networks such as Facebook and LinkedIn where

links are necessarily bidirectional.

Consider the simple Twitter network in Figure 1. There are two types of users, Rs

and Ds and two political "elites," @HillaryClinton and @realDonaldTrump. Each

user has a set of followers as denoted by the arrows that point to it. So, for example, D1

follows D3.

If @realDonaldTrump sends a tweet, the users that follow him, R1 and R3, will

see that tweet. If that tweet is retweeted by R1, R1’s followers will see the retweet (in

this case, R2 and R3). The retweet will display in the feed as if the user followed

@realDonaldTrump with small text signifying that the content was retweeted.

A mention is the use of another user’s username in the content of a tweet, preceded by

the "@" symbol. If a user replies to a tweet, the reply will be preceded by a mention of the

initial tweeter. Importantly, only the intersection of a replier’s followers and the followers
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@HillaryClinton

D1

D2

D3

@realDonaldTrump

R1

R3

R2

Figure 1: A simple graph of nodes on the Twitter network. When R2 replies to @realDonaldTrump,
D1 will not see the reply even though D1 follows R2. D1 would have to follow both R2 and
@realDonaldTrump.

of the original tweeter will see the reply. I call this the reply resriction. If R3 sends a tweet

and mentions @realDonaldTrump, R2 and R3 will see the tweet. However, if R3 replies

to a tweet by @realDonaldTrump, only R1 will be exposed to the reply. R2 will not be

exposed because R2 does not follow @realDonaldTrump.

Table 1 reports the complete set of exposed users (users who see a tweet) for each

possible action by each user. The first column lists the users who would be exposed to a

tweet or retweet by the row user. The second and third columns list the users who would

be exposed to a reply by someone in the user column to a tweet by @HillaryClinton

and @realDonaldTrump, respectively.

For example, consider a reply by D1 to a tweet sent by @HillaryClinton: only D2
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would see the reply since only D2 follows both D1 and @HillaryClinton. Note that

the tweet/retweet column is densely populated while the reply column is sparse and

populated by users of the same initial group as the replier. The reply column is sparse

because of the reply restriction, but the observation that users exposed to replies are

generally of the same type as the replier, is due to homophily.

User Action

Tweet/
Retweet

Reply to
@HillaryClinton

Reply to
@realDonaldTrump

@HillaryClinton D1, D2, D3 - -
@realDonaldTrump R1, R3 - -

R1 R2, R3 - R3
R2 D1 D1 -
R3 R1, R2 - R1
D1 D2 D2 -
D2 D1 D1 -
D3 D1 D1 -

Table 1: Users exposed to each possible action taken by a user in Figure 1.

2.2 Measures of Homophily

If the D’s in Figure 1 are liberal and the R’s are conservative, then it should be clear that

this graph of a hypothetical Twitter network is ideologically segregated. Only one of

the liberals follows a conservative, and no conservatives follow liberals. Additionally,

liberals are much more likely to follow @HillaryClinton and conservatives are more

likely to follow @realDonaldTrump. Simply put, networks are said to be homophilous

if groups form in-group connections in higher proportion than out-of-group connections,

controlling for group size.

My hypothesis that users have a biased view of candidates that confirms their beliefs
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rests on the assumption that the network exhibits homophily. In this section, I will explain

precisely what that means and how to measure homophily on Twitter by considering

several measures of homophily defined by Currarini, Jackson and Pin (2009).

I consider two types of users, liberals (l) and conservatives (c). Let the number of

users of type t ∈ {l, c} be Nt. The relative fraction of type t users in the population is

wt =
Nt

Nl+Nc
.

For each type, t, let st represent the average number of same-type followers a user

of type t has, and let dt represent the average number cross-type followers. A simple

homophily measure is the fraction of all followers who are of the same type.

Definition The simple homophily index Ht for type t is:

Ht =
st

st + dt

One problem with this measure is that Ht does not account for relative group size. For

example, users of type t could have a lot of same-type followers simply because there are

significantly more type t users in the population. In order to account for group size, we

need to consider relative homophily. Relative homophily describes the idea that relatively

larger groups form a higher proportion of their connections with users of the same type.

If there were more liberals on Twitter and the network satisfied relative homophily, we

would observe Hl > Hc.

Definition The profile (sl, sc, dl, dc) satisfies relative homophily if wi > wj implies Hi >

Hj.

If users formed links randomly they would have a simple homophily index equal to

the proportion of same type users (Ht = wt). If this condition is satisfied for all types we
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would say the network satisfies baseline homophily.

In order to get a better sense of homophily relative to group size, I consider Coleman

(1958)’s homophily index, which corrects for group size. Currarini, Jackson and Pin

(2009) call this measure inbreeding homophily. If all types have a simple homophily index

higher than their proportion of users (Ht > wt, ∀t), we say this network satisfies inbreeding

homophily.

Definition The inbreeding homophily of type t is:

IHt =
Ht − wt

1− wt

IHt will take on values in the interval [0,1] as long as the network exhibits homophily.

Specifically, if baseline homophily holds, IHt will be 0. If all types satisfy IHt > 0,

inbreeding homophily will hold.

Without loss of generality, the numbers I am interested in empirically with respect to

Twitter are (1) wt, the fraction of Twitter users who are of type t, and (2) Ht, the fraction of

the average user of type t’s followers who are of the same type. Using these two numbers

I can compute IHt. If IHt > 0 for both liberals and conservatives, I will say that Twitter

exhibits homophily.

2.3 A Simple Model of the Implications of Homophily on Twitter

In this section I examine impacts of homophily on the number of users exposed to a

same-type and cross-type reply. I show that homophily results in more users being

exposed to same-type replies than cross side replies. This means that on average, users

will receive a biased view of a candidate.
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Jackson (2008) generalizes the classic Erdos and Renyi (1959) random graph model

to incorporate homophily. Specifically, he allows for heterogeneous types with different

linking probabilities within and between groups. I present a specific characterization of

his model applied to Twitter.

Consider two types of users, t ∈ {l, c}, in the set U. Ut denotes the set of users of type

t and Nt denote order of each set. The set of liberals is Ul = {l1, l2, . . . , lNl} and the set of

conservatives is Uc = {c1, c2, . . . , cNc}. A link from user i to user j denotes that i follows j,

but not necessarily that j follows i.

Let PPP be a 2× 2 matrix of probabilities in the interval [0, 1] that describe the probability

of link formation in and between users of the two groups.The notation plc denotes the

probability that a liberal user follows a conservative user. I let users form same-group

links (ps) with a higher probability than different-group links (pd) but for simplicity these

probabilities are the same across groups. Explicitly,

ps ≡ pll = pcc

pd ≡ plc = pcl

and,

ps > pd (1)

Now consider two “elite" users, a liberal elite, El and a conservative elite, Ec. Elites

can be thought of as politicians who have many more followers than normal users. This

implies that users follow elites with much higher probability than they follow normal

users. Let FFF be a 2× 2 matrix of probabilities in the interval [0, 1] that describe the proba-

bility of link formation between users of each group and elites. Comparable assumptions
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about same-link and different-link probabilities apply here as well. Specifically,

fs ≡ fll = fcc

fd ≡ flc = fcl

and,

fs > fd (2)

Proposition 1 In the presence of homophily, same-type replies will recieve more exposure than

cross-type replies provided that the number of liberals does not greatly exceed the number of

conservatives and vice versa.

Proof of Proposition 1 Consider a tweet sent by El and a reply sent by li. In order to see

the reply, a given user must follow both El and li. The probability lj sees the reply is

pll fll = ps fs and the probability that cj sees the reply is pcl fcl = pd fd.

Now consider a tweet sent by EL and a reply sent by ci. In order to see the reply, a

given user must follow both El and ci. The probability that lj sees the reply is pcc fll = pd fs

and the probability that cj sees the reply is pcc fcl = ps fd. We know that ps fs > ps fd and

that pd fs > pd fd but we do not know whether ps fd is greater than pd fs.

The number of users exposed to a reply is the sum of the number of same-type

and different-type users. Technically, it is the sum of two binomial distributions but

for the sake of simplicity, I consider the expected value of the distributions. Since the

probabilities of forming a link are independent, we can sum over the group size minus

one (because a user cannot follow himself). For the liberal reply to the liberal tweet, the

expected number of exposed users is:

(Nl − 1)ps fs + (Nc − 1)pd fd (3)

11



and the expected number of exposed users to the conservative reply to the liberal

tweet is:

(Nl − 1)pd fs + (Nc − 1)ps fd (4)

If we compare equation 3 and equation 4 we find that equation 3 (the number of users

exposed to same-type replies) is larger than equation 4 (the number of users exposed to

cross-type replies) when:

fs

fd
>

Nc − 1
Nl − 1

As long as the number of liberals and conservatives is similar, replies from the same

side will reach more users. It is likely that fs >> fd so there would have to be quite a

large disparity in the number of liberals and conservatives for this not to be true.

Proposition 1 relies on a network structure that exhibits homophily, specifically

equations (1) and (2), that same-type users follow each other and same-type elites

at higher probabilities than they follow different-type users and different-type elites.

Subsection 4.1 calculates empirical homophily measures on Twitter and relates them to f

and p. In Appendix 1, I present a simulation that confirm that the results in this section

are robust to a continuous ideology measure. In this simulation, the distance between

two normal users and between a user and an elite determines p and f respectively.

12



3 Data and Empiricical Ideology Estimation

3.1 Data Collection and Summary

In order to follow the spread of political information, I tracked4 the Twitter accounts of

all congressmen, senators, and presidential candidates using the Twitter site stream API

(application programming interface) which allowed me to gather all tweets, retweets, and

mentions associated with these accounts. I have a total of 15 million tweets from April

14th, 2015 to November 27th, 2015, but focused on only a subset of these data for analysis.

Many of these tweets are from what I call "elites," who are highly followed political users.

I explain this set in more detail in the next subsection. Elite followers’ lists are from

November 2015, but normal users’ followers lists were downloaded through January.

Given that an average user does not gain many followers each month, this disparity is

relatively minor but may cause me to slightly underestimate the effect of homophily.5

Among the subset that consisted of tweets from October and November, the top

hashtags6 in the data are presented in Table 2, the top mentions in Table 3, and the top

retweets in Table 4. Table 5 contains the number of tweets, retweets, and mentions relating

to each presidential candidate in the two-month time period.

4Data was collected by Oren Tsur, a postdocoral fellow at Harvard University and Northeastern
University in David Lazar’s lab.

5Assuming that followers lists grow over time, downloading a follower list later would potentially
overestimate the number of users exposed to a reply. If homophily limits the exposure to a reply, then
overestimating the number of users exposed to a reply would underestimate the effect of homophily.

6Hashtags are a way for users to label tweets. They are either words or concatenated phrases preceeded
by a "#".
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Top hashtags n

#demdebate 187,424
#debatewithbernie 77,185
#trump2016 46,500
#makeamericagreatagain 41,776
#happyanniversary 23,421
#kasich4us 21,203
#uccshooting 21,031
#dosomething 15,846
#tpp 14,416
#imwithher 13,875

Table 2: Top hashtags of tweets, mentions,
and retweets of presidential candidates’
Twitter streams in October and November,
2015.

Username n

@realDonaldTrump 415,133
@HillaryClinton 116,954
@BarackObama 74,464
@BernieSanders 61,051
@JebBush 33,203
@WhiteHouse 31,789
@SenSanders 27,769
@GovMikeHuckabee 26,263
@RealBenCarson 20,620
@POTUS 19,897

Table 3: Top user mentions in the presiden-
tial candidate Twitter stream from October
and November, 2015.

Username Retweet n

@BarackObama Twenty-three years and still going strong. Her... 23,308
@realDonaldTrump Notice that illegal immigrants will be given O... 11,600
@BernieSanders Best line of the night: The American people a... 9,534
@BarackObama Retweet if you agree: It’s time for Congress t... 7,743
@BernieSanders "I believe in a society where all people do we... 6,833
@BernieSanders The American people are sick of hearing about... 6,637
@MarkRuffalo Who is paying for Bernie’s Campaign. The peopl... 6,536
@realDonaldTrump "@SeanSean252: @WayneDupreeShow @Rockprincess8... 6,287
@GovMikeHuckabee I trust @BernieSanders with my tax dollars lik... 5,914
@SenSanders If the environment were a bank it would have b... 5,769

Table 4: Top retweets in the presidential candidate Twitter stream from October and November, 2015.
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Username Name n

@realDonaldTrump Donald Trump 1,036,708
@BernieSanders Bernie Sanders 407,597
@HillaryClinton Hillary Clinton 342,354
@tedcruz Ted Cruz 74,146
@JebBush Jeb Bush 64,516
@JohnKasich John Kasich 64,146
@RealBenCarson Ben Carson 62,514
@GovMikeHuckabee Mike Huckabee 47,579
@RandPaul Rand Paul 29,536
@marcorubio Marco Rubio 29,096
@MartinOMalley Martin O’Malley 18,831
@CarlyFiorina Carly Fiorina 15,939
@JimWebbUSA Jim Web 14,505
@BobbyJindal Bobby Jindal 8,070
@GovernorPataki George Pataki 6,466
@LindseyGrahamSC Linsey Graham 5,562
@RickSantorum Rick Santorum 5,307
@ChrisChristie Chris Christie 4,987
@LincolnChafee Lincoln Chafee 4,837
@Lessig2016 Lawrence Lessig 1,332
@gov_gilmore Jim Gilmore 10

Table 5: Name associated with each Twitter handle. n is the combined number of tweets, retweets and
mentions of each 2016 presidential candidate in October and November, 2015

15



3.2 Empirical Estimation of Ideology

I use correspondence analysis—a technique similar to principle component analysis

but applied to categorical data—to estimate users’ ideology. My approach is based

on Barberá et al. (2015), which develops a technique to infer ideology by considering

which political accounts a user follows on Twitter.7 They validate this approach by

comparing their ideology estimates to other ideology estimates of elites and publicly

available party-registration records matched to Twitter users.

Consider the simple example shown in Figure 2 with two elites, @realDonaldTrump

and @HillaryClinton, and three users, U1, U2, and U3. If users’ decisions to

@HillaryClinton

U1 U2

@realDonaldTrump

U3

Figure 2: Simple Twiiter connections graph with three users and two politicians. If users follow politicians
because they are similar to them ideologically then one would naturally label U1 as more liberal than U2
who is more liberal than U3.

follow a candidate reflects their political ideology (liberals are more likely to follow

@HillaryClinton than @realDonaldTrump), then a natural mapping from this two

dimensional space to one dimensional ideological space would order users U1, U2, U3.

Correspondence analysis generalizes this simple example by projecting high dimensional

data (who a user follows) onto a lower dimensional plane (which can be interpreted as

7I modify the 2016 Election package written by Pablo Barberá and available at https://github.
com/pablobarbera/twitter_ideology/tree/master/2016-election. This code is an updated
version of the correspondence anaylsis methedology used in Barberá et al. (2015).
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the user’s ideology). Correspondence analysis also provides estimates for the political

elites based on which accounts follow them. Note that it is important to restrict the set of

users and elites to those for whom a decision to follow reflects one’s political ideology.8

Thus, in order to identify the latent ideological space, I initially restrict my estimation

to users who follow at least three members of the 114th U.S. Congress, a total of 1.1

million users. Using the adjacency matrix defined by this set of users (rows) and members

of Congress (columns), I perform correspondence analysis, first by standardizing the

row and column sums9 and then by performing singular value decomposition (SVD)

on the resulting matrix, which yields a low-dimensional solution. In my case, this is a

one dimensional plane that represents political ideology. I then project both the rows

(ordinary users) and columns (members of Congress) onto that plane.

One advantage of correspondence analysis is that it allows me to project additional

users (supplemental points) and additional elites (supplemental columns) into ideological

space by mapping them to the same plane computed in the SVD step. Importantly, since

the supplemental points and columns were not used in the initial SVD, including them

will not affect the ideology estimates of other users. This is significant because when I

consider the average ideology of a presidential candidate’s followers, I do not want the

ideology estimates to be determined by whether they follow the candidate.

I define a set of known “political elites” that includes all members of the 114th

8It is possible that users would form groups for other reasons. For example, if I considered users
who follow the musician Kanye West, I might be recovering users’ musical tastes and not their political
preferences.

9This can be thought of as controlling for the number of candidates a user follows and the number of
followers a candidate has.
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U.S. Congress, 2016 presidential candidates as of January 2016, major journalists and

other media outlets, special interest groups, and other influential politicians.10 I then

estimate the ideology of the 11 million users who I call "politically engaged," as defined

by following at least three elites.11

Once I have the complete set of ideology estimates, I standardize the data to have a

standard deviation of 1. Barberá, Jost, Nagler, Tucker and Bonneau (2015) set the mean

of the data to 0, but I want negative values to represent liberals and positive values to

represent conservatives. To accomplish this, I took the mean of the most conservative

Democratic congressmen and the most liberal Republican congressmen and offset each

data point by this value.

Figure 3 plots the results of this projection ordered by ideology estimate for the 2016

presidential candidates. A subjective analysis of Figure 3 confirms that the estimates are

reasonable with conventional views of the ideological ordering of the candidates. Figure

3 also plots the ideology of media outlets, media personalities, and other influential

political accounts. The estimates again seem to line up with conventional views on the

ideological ordering of each group.

To further validate this approach, I compare my estimates with ideal point estimates

of roll call voting in the 114th U.S. Congress developed by Jackman and Rivers (2004)

and periodically computed by Jackman.12 Figure 4 graphs my ideology estimates using

10The full list of non-congressional elites (which was selected by Barberá) used is listed in Appendix 2.
Congressional Twitter handles were obtained from the unitedstates GitHub account.

11At least one of the three elites followed must also be a member of Congress.

12Data are available at http://jackman.stanford.edu/blog/. I use data posted in December,
2015.
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Figure 3: From left to right: ideology estimates of 2016 presidential candidates, conventional news media,
media personalities, and other influencial politicical accounts.

correspondence analysis vs. Jackman’s ideal point estimates. The data have a correlation

of 0.92. Within chamber and party, the data are slightly less correlated but still exhibit

a a reasonable high degree of correlation. Republicans in the House and Senate have

correlations of 0.43 and 0.48 respectively while Democrats in the House and Senate

have correlations of 0.57 and 0.62 respectively. Even though the correspondence analysis

estimates may not line up perfectly with other estimates of ideology, appear to be a good
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approximation. Notably, 98% of Democrats have a negative ideology value and 100% of

Republicans have a positive ideology value. This result is somewhat mechanical since I

offset the data to label Democrats with negative ideology and Republicans with positive

ideology, but I present the statistic to show that the estimates are nearly linearly separable

by party.
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Figure 4: Correspondence anaylsis estimates vs Jackman ideal point estimates of congressional ideology.

Figure 5 is a histogram of all users’ ideology estimates. One way to think about

homophily is to look at the ideological distribution of users, since my ideology estimates

are a one dimensional representation of network structure. Users who follow the same

set of user will receive the same ideology estimate. If there are many users who follow

the same or similar set of users, there will be many users with the same ideology. This is

by no means a rigorous measure of homophily, but it is an interesting observation about

the data that confirms that my ideology estimates are capturing homophily on Twitter.
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Figure 5: Histogram of ideology of the 11 million Twitter users who follow at least three political accounts.

4 Results

4.1 Empirical Homophily Estimation

In Section 2, I presented a model that calculates reply exposure given homophily in

the follower network. Using the homophily measures described in Section 2.2 and data

described in Section 3, I will demonstrate homophily on Twitter with respect to the 2016

presidential election.

I calculate Ht, the simple homophily measure, and IHt, the inbreeding homophily

measure, by randomly sampling 1,000 liberals and 1,000 conservatives and downloading

their followers’ lists. Of the 1,000 liberals and conservatives sampled, 891 liberals and 873

conservatives had public profiles which allowed me determine who followed them.

21



Table 6 reports the percentage of followers of the same type and of a different type

for this random sample of liberal and conservative users. Liberals have a sample simple

homophily index Hl = 0.83 while conservatives have a sample simple homophily in index,

Hc = 0.68. This disparity is partially due to relative homophily; since 62% of Twitter

users are liberal, they form same-group connections at a higher rate than conservatives.

The inbreeding homophily measures (IHt), which account for relative group size, are

much closer in magnitude, at 0.55 for liberals and 0.47 for conservatives.

Liberals Conservatives

Fraction of total users 0.62 0.38
Ht 0.83 0.68
IHt 0.55 0.48

Table 6: Homophily measures for a random sample of 891 liberals and 873 conservatives on Twitter.

One way to think about inbreeding homophily is to relate it to the probability that

a user of type t follows another user of type t, which is ps from Section 2. Specifically,

inbreeding homophily will satisfy baseline homophily (and thus equal 0) if the probability

a user forms a same type link is the same as the probability a user forms a different type

link (ps = pd). Since we observe inbreeding homophily numbers much greater than 0, I

feel confident that my assumption that ps > pd, is reasonable.

Table 7 lists the estimated ideology of each candidate, the percentage of their followers

who are liberal, and the mean and standard deviation of their followers’ ideology. Ted

Cruz’s followers are a lot more homogenous than Donald Trump’s: 98% of Cruz’s

followers are conservative compared to 76% of Trump’s followers. 87% of Hillary Clinton’s

followers are liberal compared to 90% of Bernie Sanders’ followers. All of these fractions
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of same type followers are higher than the fraction of same type followers among a

random sample of users.

We can relate the fraction same type followers that each elite has to fs from Section

2. My assumption that fs > fd is clearly reasonable since each elite has a much higher

fraction of same type followers than different type followers.

Username @tedcruz @realDonaldTrump @HillaryClinton @BernieSanders

Number of followers 604,527 4,972,023 4,734,723 901,220
Elite ideology 1.06 2.17 −0.96 −0.81

Liberal fraction of followers 0.02 0.24 0.87 0.90
Mean follower ideology 1.59 0.70 −0.40 −0.68
SD of follower ideology 0.59 0.81 0.43 0.50

Table 7: Summary of candidates’ ideology and the ideology of their followers. Followers lists were
downloaded in November 2015.

Finally, another way to examine ideological homophily on Twitter is to look at the

fraction of followers different politicians share. To that end, Table 8 lists the percentage

of an elite’s followers that that also follow the elite in the column. Elites seem to have

a nontrivial overlap in their followers. 9% of Donald Trump’s followers also follow

Hillary Clinton, and 10% of Clinton’s followers also follow Trump. However, there are

asymmetries. For example, while 16% of Ted Cruz’s followers follow Hillary Clinton,

only 2% of her followers follow him.
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Sanders 1 Sanders 2 Clinton Trump Cruz Rubio Bush Kasich

Sanders 1 1.00 0.53 0.31 0.12 0.03 0.04 0.04 0.01
Sanders 2 0.48 1.00 0.34 0.13 0.04 0.06 0.04 0.02
Clinton 0.06 0.07 1.00 0.10 0.02 0.03 0.03 0.01
Trump 0.02 0.03 0.10 1.00 0.06 0.08 0.04 0.01
Cruz 0.05 0.07 0.17 0.49 1.00 0.54 0.22 0.07
Rubio 0.04 0.06 0.16 0.39 0.33 1.00 0.22 0.06
Bush 0.10 0.12 0.35 0.54 0.36 0.57 1.00 0.12

Kasich 0.09 0.11 0.20 0.39 0.29 0.41 0.30 1.00

Table 8: Fraction of the row elite’s followers who also follow the column elite. Sanders 1 and
Sanders 2 reflects the two Twitter accounts that Bernie Sanders often tweets from, @SenSanders and
@BernieSanders.

4.2 Description of Tweets of Interest

In order to examine how information spreads on a micro level, I focus my attention on

a subset of the data, specifically the week from November 20th to November 27th. The

decision to limit the analysis to only one week was necessary because of computational

limitations and Twitter API rate limiting. In order to analyze a tweet, I need to download

the follower lists of each tweeter and replier which is a time intensive process because of

Twitter limitations on the number of API calls per hour.

I further limit my analysis to tweets that were retweeted over 500 times because these

tweets are heavily propagated and potentially high impact. This leaves me with 172 tweets

from four different candidates (@realDonaldTrump, @tedcruz, @BernieSanders,

@HillaryClinton).13

Each of the 172 tweets was hand labeled as either policy or non-policy oriented.

Non-policy tweets included insults of other candidates or media outlets, information

13I combine the two accounts that Bernie Sanders tweets from (@BernieSanders and @SenSanders).
As reported in Table 8, about 50% of users who follow one Bernie Sanders account follow the other. Both
accounts have a similar ideology score and number of followers.

24



about upcoming events, and general messages to supporters. Table 9 summarizes the

contribution of each candidate to the 172 tweets of interest. There is a large difference in

the percentage of tweets about policy between Democrats and Republicans: Only 18.5%

of Trump’s relevant tweets were about policy compared to 90% of Sanders’. Note that

this does not necessarily mean that Sanders does not tweet about non-policy related

issues—only that his tweets about non-policy issues do not get heavily retweeted while

Trump’s do.

Username @tedcruz @realDonaldTrump @HillaryClinton @BernieSanders

% of relevant tweets 6.4 53.5 5.2 34.9
% relating to policy 45.5 18.5 77.8 90.0

Table 9: Summary of each candidate’s contribution to the 172 tweets analyzed. "% of relevant tweets" is
the percentage of the 172 tweets that the candidate created. "% relating to policy " is the percentage of the
tweets a candidate created (in the 172 subset) that were labeled as policy related.

I consider highly retweeted tweets because these tweets likely reached a wide variety

of users. It is important to recognize that even if retweets exhibit homophily (92% of

retweets come from within one standard deviation of the initial tweeter), retweets still

act as a means by which information is spread across the aisle. This is because retweets

increase the overall number of, say Clinton, followers that will be exposed to a Trump

tweet. Even though most Trump tweets are retweeted by conservatives, the absolute

number of liberals exposed to a Trump tweet in the presence of retweets must be weakly

greater than the number of users exposed in the absence of retweets.
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4.3 Reply Exposure to Tweets of Interest

I now turn my analysis of replies to the 172 tweets described in the previous subsection.

I am interested in who replies to these tweets and who sees those replies. As the model

in Section 2 predicts, I expect cross-type replies to be seen by relatively fewer users.

Summary statistics of replies are presented in Table 10. On average, 377 users are

exposed to a reply, but the standard deviation of 6,128 is very large relative to the mean.

The average distance in ideology space from replier to tweeter is 0.98, with a standard

deviation of 0.60.

Only 28% of replies come from liberal users while the remaining 72% come from

conservative users. Of replies that come from the same side, 13% were from liberals

replying to liberals, while the remaining 87% came from conservatives replying to

conservatives. 31% of replies come from cross type users. However, when the set of

tweets is restricted only to tweets about policy, 43% of tweets came from cross type users.

Table 11 reports the hand coded sentiment of a random sample of replies, conditional

on reply type.14 Same-type replies are generally positive and cross-type replies are

generally negative. This result validates the theory that cross-type replies come from

users who disagree with the candidate.

Table 12 reports the average ideology of exposed users for each elite, conditional on

the type of reply (same or cross). The average distance from @tedcruz to a user exposed

to a cross-type reply is 2.17 compared to 0.46 for a user exposed to a same-type reply. In

14Eight coders hand labeled a total of 889 replies. Each reply was only labeled once. Coders were only
presented with the text of the reply, which included a mention to the original tweeter at the beginning, and
were asked to label whether the reply was positive, negative, or unclear, about the original tweeter.
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Statistic Mean St. Dev. Min Max

Number of users exposed to reply 376.74 6 128.44 0 582406
Replier followers 2 185.76 29 814.50 1 3536,160
Replier ideology 0.86 −1.44 2.55
Replier political accounts followed 15.72 20.48 3 554
Distance from replier to elite 0.98 0.60 0.0003 3.47
Fraction liberal 0.27 0.45 0 1
Fraction same-type reply 0.69 0.46 0 1
Fraction same (liberal) 0.05 0.22 0 1
Fraction same (conservative) 0.64 0.48 0 1
Fraction cross (liberal to conservative) 0.22 0.41 0 1
Fraction cross (conservative to liberal) 0.09 0.29 0 1

Table 10: Summary Statistics of replies. "Replier poltical accounts followed" is the number of "political
elites" that the replier follows. "Fraction liberal" is the fraction of repliers who had ideology less than zero.
"Fraction same-type reply" is the fraction of all replies that came from a replier with the same ideology sign
as the elite. "Fraction same (liberal)" is the fraction of all replies that came from a liberal and replied to a
liberal elite. "Fraction same (conservative)" is the same but for conservatives. "Fraction cross (liberal to
conservative)" is the fraction of all replies that came from a liberal user to a conservative elite. "Fraction
cross (conservative to liberal)" is the opposite. n=28,033.

Cross Same
Sentiment n Fraction of replies n Fraction of replies

Positive 20 0.07 305 0.51
Negative 182 0.63 95 0.16
Unclear 85 0.30 202 0.34

Table 11: Sentiment by type of reply for a random sample of replies. Each tweet was only labeled by one
coder.

fact, for all candidates, users exposed to cross-type replies are further away in ideology

from the candidate than users exposed to same-type replies. Furthermore, the average

ideology of users exposed to cross-type replies is opposite in sign to the ideology of the

candidate. Additionally, the average user exposed to a same-type reply is the same sign as

the ideology of the candidate. Both of these observations are true for all four candidates.

Remember that all users exposed to a reply must follow the candidate. Therefore, this

table captures that, for example, users exposed to a liberal reply to Donald Trump, are on
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average, his liberal followers and users exposed to a conservative reply to Donald Trump

are his conservative followers on average. Thus, cross-type replies have a tendency to

reach users with the same ideology as the replier but opposing ideology to the initial

tweeter.

Cross Same
Username Elite I Exposed I Exposed D Exposed I Exposed D

@realDonaldTrump 0.83 −0.46 1.28 1.55 0.72
@tedcruz 1.60 −0.57 2.17 1.14 0.46

@HillaryClinton −0.70 1.35 2.06 −0.56 0.14
@SenSanders −1.18 0.80 1.97 −1.02 0.16

Table 12: Ideology averages and distance to elite for exposed users conditional on type of reply.

Another way to evaluate the difference between same-type and cross-type replies is

to examine how the distance from the replier to the candidate affects the fraction of a

repliers’ followers are exposed to the reply. As noted in the model, the reply restriction

combined with homophily will likely cause this number to be decreasing in the distance

from the replier to the elite.

Column (1) of Table 14 reports the results of a regression of the fraction of a repliers’

followers exposed to a reply on the distance from replier to elite. I include candidate fixed

effects (Trump is the omitted dummy) to account for candidate ideology, their number of

followers, and follower composition. Summary statistics for the variables presented in

the regression are reported in Table 13. The negative coefficient on distance confirms the

theory presented in Section 2, that the further a replier is from the politician in ideology

space, the fewer of his followers see the reply. Specifically a coefficient on distance of

−0.052 indicates that a one standard deviation (0.60) increase in distance results in 3.1
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percentage points fewer followers exposed. The average percentage of followers exposed

is 27% so a 3.1 percentage point decrease implies that 12% fewer followers are exposed to

a reply.

In regression (2), I use a dummy for a reply coming from a cross-type user instead

of ideological distance. For example, when a liberal replies to @realDonaldTrump, the

cross-type reply dummy will take the value one, but zero if it is a conservative who

is replying. Using the same measure of reply exposure (fraction of a repliers’ follower

exposed), I find similar results for the coefficient on cross type replies although the

magnitudes of the effects are larger in this model, as is the adjusted R2. A reply from

across the aisle will reach 24 percentage points fewer followers than a reply from the

same side. The model implies that the average cross type reply is seen by 10.4% of

followers while a same type reply is seen by 34.6% of followers. The larger estimates in

this regression could stem from measurement error in the continuous ideology estimates.

In column (3) of the regression table I include a control for whether the tweet was

about policy. Referring back to Table 9, we observe that Donald Trump is really the only

candidate with a substantial fraction of non-policy tweets. The negative coefficient on the

policy dummy suggests that replies to Donald Trump policy tweets are seen by fewer

users relative to his non-policy tweets.

In column (4), I remove candidate fixed effects, but include a control for the number

of followers of the elite. As we would expect, a greater fraction of a replier’s followers

see a reply when the elite has a large number of followers, because the replier’s followers

are more likely to be following a more popular elite. The adjusted R2 of this regression

is close to that of the regression with elite fixed effects suggesting that the fixed effects
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mostly pick up the difference in the number of followers across candidates.

Variable Mean Std. Dev.
Fraction of repliers’ followers exposed 0.27 0.23
Distance from replier to elite 0.98 0.60
Policy dummy 0.46 0.50
Trump dummy 0.83 0.37
Cruz dummy 0.03 0.16
Sanders dummy 0.06 0.23
Clinton dummy 0.09 0.28

Table 13: Summary statistics for the regression coefficients presented in Table 14. n=28,033.

One interpretation of this regression is that a smaller fraction of a user’s followers

are exposed to a reply the further the user is from the candidate. However, if we make

the reasonable assumption that distance to an elite is uncorrelated with number of

followers, then this result also implies that fewer users overall are exposed to a reply the

further the replier is from the candidate. Thus another interpretation of this regression is

that a smaller fraction of the candidate’s followers are exposed to a reply from a more

ideologically distant user.

5 Conclusion

Twitter has become an important tool for politicians to gain attention and communicate

with voters. Many users on Twitter share their views about politicians by engaging with

them in the form of replies. In this paper, I first document homophily on Twitter and then

show how this leads to replies by cross-type users receiving less exposure than replies

from same-type users. Furthermore, I find that the ideology of users exposed to replies

is generally similar to the ideology of the replier, indicating that repliers may just be
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Dependent variable:

Percentage of repliers followers exposed to reply

(1) (2) (3) (4)

Replier to elite distance −0.052∗∗∗

(0.002)
Cross Tweet Dummy −0.242∗∗∗ −0.239∗∗∗ −0.248∗∗∗

(0.003) (0.003) (0.003)
Sanders Dummy −0.153∗∗∗ −0.124∗∗∗ −0.108∗∗∗

(0.006) (0.005) (0.005)
Cruz Dummy −0.025∗∗∗ −0.053∗∗∗ −0.047∗∗∗

(0.008) (0.007) (0.007)
Clinton Dummy −0.155∗∗∗ −0.073∗∗∗ −0.061∗∗∗

(0.005) (0.004) (0.005)
Policy dummy −0.026∗∗∗ −0.034∗∗∗

(0.003) (0.003)
Elite followers / 10,000 0.0002∗∗∗

(0.00001)
Constant 0.344∗∗∗ 0.361∗∗∗ 0.369∗∗∗ 0.264∗∗∗

(0.003) (0.001) (0.002) (0.006)

Observations 28,033 28,033 28,033 28,033
Adjusted R2 0.091 0.283 0.285 0.281

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 14: The dependent variable in all of the regressions is the fraction of a replier’s followers who are
exposed to the reply. "Replier to elite distance" is the distance from the original tweeter (elite) to the replier
in ideological space. The candidate dummies takes the value 1 if the tweet was in reply to that candidate.
Trump is the omitted dummy. "Elite followers / 10,000" controls for the number of followers the elite has.
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preaching to the choir. The reply restriction, combined with homophily on Twitter, may

further group polarization by reinforcing already polarized views among liberals and

conservatives. Further research in this topic should aim to establish a causal link between

biased exposure to like minded opinions and voting outcomes. As an intermediate step,

it would be interesting to examine the effect of exposure to partisan replies on a user’s

sentiment about a candidate in subsequent tweets.

While Twitter is certainly not the only cause of a trend towards political polarization,

understanding how homophily leads to biased exposure to like-minded information is

important in understanding this larger issue. The network structure of Twitter, specifically

the high levels of homophily, is similar to the network structure observed in real life

social networks; many communities are just as, if not more, ideologically homogenous

as Twitter. Just like users on Twitter are exposed primarily to like minded opinions,

so too are voters in offline interactions. It is not surprising, then, that congressional

and presidential candidates are moving more towards the extremes of the ideological

spectrum.

32



References

Barberá, P., Jost, J. T., Nagler, J., Tucker, J. A. and Bonneau, R. (2015). Tweeting
From Left to Right: Is Online Political Communication More Than an Echo Chamber?
Psychological science, 26 (10).

Black, D. (1948). On the Rationale of Group Decision-making. Journal of Political Economy,
56 (1), 23.

Brewer, P. R., Habegger, M., Harrington, R., Hoffman, L. H., Jones, P. E. and Lambe,
J. L. (2015). Interactivity between Candidates and Citizens on a Social Networking Site:
Effects on Perceptions and Vote Intentions. Journal of Experimental Political Science, pp.
1–13.

Coleman, J. S. (1958). Relational Analysis: The Study of Social Organizations with Survey
Methods. Human Organizations, 17 (4), 28–36.

Conover, M., Ratkiewicz, J. and Francisco, M. (2011). Political polarization on twitter.
Icwsm, 133 (26), 89–96.

Currarini, S., Jackson, M. and Pin, P. (2009). An Economic Model of Friendship:
Homophily, Minorities, and Segregation. Econometrica, 77 (4), 1003–1045.

Downs, A. (1957). An Economic Theory of Political Action in a Democracy. Journal of
Political Economy, 65 (2), 135–150.

Erdos, P. and Renyi, A. (1959). On random graphs. Publ Math Debrecen, 6, 290–297.

Gentzkow, M. and Shapiro, J. M. (2011). Ideological segregation online and offline.
Quarterly Journal of Economics, 126 (4), 1799–1839.

—, — and Sinkinson, M. (2011). The effect of newspaper entry and exit on electoral
politics. American Economic Review, 101 (7), 2980–3018.

—, — and Taddy, M. (2015). Measuring Polarization in High-Dimensional Data : Method
and Application to Congressional Speech.

Halberstam, Y. and Knight, B. (2015). Homophily, Group Size, and the Diffusion of
Political Information in Social Networks: Evidence from Twitter.

Hare, C. and Poole, K. T. (2014). The Polarization of American Politics. Polity, 46 (03).

Jackman, S. and Rivers, D. (2004). The Statistical Analysis of Roll Call Data. 98 (2),
355–370.

Jackson, M. O. (2008). Average distance, diameter, and clustering in social networks
with homophily. In Lecture Notes in Computer Science (including subseries Lecture Notes in
Artificial Intelligence and Lecture Notes in Bioinformatics), vol. 5385 LNCS, pp. 4–11.

33



Levendusky, M. S. (2013). Why do partisan media polarize viewers? American Journal of
Political Science, 57 (3), 611–623.

Martin, G. and Yurukoglu, A. (2014). Bias in Cable News: Real Effects and Polarization.
NBER Working Paper, 20798, 1–68.

McCarty, N., Poole, K. T. and Rosenthal, H. (1997). Income Redistribution and the
Realignment of American Politics. AEI Press.

Sunstein, C. (2001). Republic.com. Princeton University Press.

34



Appendix 1

I simulated a network with a continuous measure of ideology and show that the result

that cross type tweets get less exposure still holds.

Liberals’ ideology is sampled from aN (−1, 1) distribution and conservatives’ ideology

is sampled from a N (1, 1) distribution. Let Cij = 1 denote that user i follows user j. The

probability that Cij = 1 is a function of two parameters; the distance in ideology between

two users, Dij, and the popularity of user j, β j. Specifically, the function takes the form:

P(Cij = 1|Dij, β j) =
1

1 + e(1−Dij−β j)

I consider a network with 100 liberals and 100 conservatives. Note that a user’s type

only determines the distribution his ideology is sampled from. Each user, k, has βk = 0.01.

I also consider a Democratic elite, E, with ideology of -1 and βE = 1.

I ran 10,000 iterations of a Monte Carlo simulation and calculated the average fraction

of users in the network exposed to a reply to the elite from liberals and conservatives,

respectively. On average, 3.1% of users were exposed to each liberal (same-type) reply,

compared to 2.1% of users exposed to a conservative (cross-type) reply. This confirms

that the results presented in Section 2 do not rely on the assumption that all users form

same-type (or different-type) links with identical probability.
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Appendix 2

Democratic candidates

@HillaryClinton, @BernieSanders, @MartinOMalley, @LincolnChafee,
@JimWebbUSA

Republican candidates

@RealBenCarson, @tedcruz, @CarlyFiorina, @GrahamBlog,
@GovMikeHuckabee, @GovernorPataki, @RandPaul, @marcorubio,
@RickSantorum, @bobbyjindal, @GovernorPerry, @realDonaldTrump,
@JebBush, @GovChristie, @JohnKasich, @ScottWalker, @gov_gilmore

Media outlets

@EconUS, @BBCWorld, @nprnews, @NewsHour, @WSJ, @ABC, @CBSNews,
@NBCNews, @CNN, @USATODAY, @theblaze, @nytimes, @washingtonpost,
@msnbc, @GuardianUS, @Bloomberg, @NewYorker, @politico,
@YahooNews, @FoxNews, @MotherJones, @Slate, @BreitbartNews,
@HuffPostPol, @StephenAtHome, @thinkprogress, @TheDailyShow,
@DRUDGE_REPORT, @dailykos, @seanhannity, @ajam, @edshow,
@glennbeck, @rushlimbaugh, @BuzzFeedPol

Additional Politicians

@algore, @MittRomney, @SarahPalinUSA, @KarlRove,
@POTUS,@JoeBiden, @newtgingrich, @TheDemocrats, @GOP,
@billclinton,@GeorgeHWBush, @dccc, @HouseDemocrats, @SenateDems,
@Senate GOPs, @HouseGOP

Journalists

@maddow, @glennbeck, @limbaugh, @andersoncooper,
@gstephanopoulos, @AnnCoulter, @seanhannity, @oreillyfactor,
@megynkelly, @MHarrisPerry

Interest Groups

@Heritage, @OccupyWallSt, @HRC, @RANDCorporation, @BrookingsInst,
@CatoInstitute, @AEI, @NRA, @glaad, @ACLU
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