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abstract
Do online social networks affect political tolerance in the highly polarized climate of 
postcoup Egypt? Taking advantage of the real-time networked structure of Twitter data, 
the authors find that not only is greater network diversity associated with lower levels of 
intolerance, but also that longer exposure to a diverse network is linked to less expres-
sion of intolerance over time. The authors find that this relationship persists in both elite 
and non-elite diverse networks. Exploring the mechanisms by which network diversity 
might affect tolerance, the authors offer suggestive evidence that social norms in online 
networks may shape individuals’ propensity to publicly express intolerant attitudes. The 
findings contribute to the political tolerance literature and enrich the ongoing debate over 
the relationship between online echo chambers and political attitudes and behavior by 
providing new insights from a repressive authoritarian context.

I. Introduction

IN the early days of the Arab Spring, Egyptians flocked to social 
media to organize, follow, and participate in mass protests erupting 

in Tahrir Square and across the country.1 Despite the resurgence of au-
thoritarianism in postrevolutionary Egypt, online mass political com-
munication has continued to grow and evolve at extraordinary rates.2 
Social media data provide new insights into the shifting attitudes and 
communication networks of politically engaged Egyptians during a pe-
riod of increasing repression and polarization in the aftermath of the 
July 2013 coup that ousted Egypt’s first democratically elected presi-
dent, Mohamed Morsi. Exploiting the real-time networked structure 
of Twitter data, this article investigates the relationship between social-
network diversity—in this case, the ideological heterogeneity of an in-

1  Howard and Hussain 2013; Liu, Kliman-Silver, and Mislove 2014.
2  Jebril, Stetka, and Loveless 2013.
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dividual’s Twitter network3—and political intolerance4 in the Egyptian 
Twittersphere.

 Twitter’s architecture allows for longitudinal analysis of users’ con-
nections to elites, media sources, activists, and everyday citizens on the 
same platform, unlike traditional survey methods that rely on self-re-
ported descriptions of individuals’ networks and attitudes at a single 
moment in time.5 The platform’s structure provides detailed insight 
into individuals’ communication networks and the sources through 
which they receive political information. Furthermore, the informality 
and immediacy of tweets offer real-time measures of engaged individu-
als’ sensitive political attitudes, which can be particularly difficult to 
evaluate in undemocratic polities.6

By using Twitter data to obtain temporally granular behavioral mea-
sures of network diversity and intolerance, this article offers new tests 
of the long-theorized relationship between exposure to ideological 
diversity and political tolerance. In particular, the longitudinal nature 
of Twitter data enables us to measure changes in network structures 
and publicly expressed attitudes over time. Doing so allows us to as-
sess whether any observed relationship between network diversity and 
tolerance is simply a consequence of the initial self-selection of already 
tolerant individuals into diverse networks, or whether longer exposure 
to a diverse network is associated with decreased intolerance over time. 
Additionally, given that Twitter data enable us to examine mass and 
elite behavior on the same platform, we can evaluate whether the rela-
tionship between network diversity and tolerance is driven by exposure 
to elite,7 non-elite,8 or both elite and non-elite networks, providing new 
insights into the mechanisms by which network diversity might affect 
political tolerance.

We find that not only is greater network diversity associated with 

3  Individuals who follow both Islamists and secularists or a high proportion of moderates on Twit-
ter have diverse networks, whereas individuals who follow only Islamists or only secularists have low 
levels of diversity. 

4  We define political intolerance as the degree to which citizens oppose extending civil liberties to 
rival groups or groups advocating disagreeable viewpoints and ideologies; Gibson 2013; Sullivan and 
Hendriks 2009.

5  See, for example, Mutz 2006; Gibson 2013; Ikeda and Richey 2009; Bloom and Bagno- 
Moldavsky 2015; Gibson and Gouws 2005. These studies often rely on survey questions to develop 
measures of tolerance and network diversity (or how often people interact with those who hold dif-
ferent political views).

6  For a discussion of the challenges of conducting survey research in the Arab world, see Lynch 
2006.

7  Elites are defined as well-known political or religious leaders with at least ten thousand Twitter 
followers.

8  Non-elites are everyday Twitter users, whom we define as individuals with fewer than ten thou-
sand Twitter followers.
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lower levels of intolerance, but also that spending an additional year in a 
diverse network is associated with a significant decrease in the use of in-
tolerant rhetoric over time. Our results provide suggestive evidence that 
exposure to both elite and non-elite network diversity—particularly the 
presence of more moderates in an individual’s network—may reduce 
political intolerance. By examining the relationship between exposure 
to elite and non-elite ideological diversity and intolerant behavior over 
time, this article contributes to the political tolerance literature and 
adds to a growing body of research examining the relationship between 
online networks and political attitudes and behavior.

 II. Political Intolerance in the Egyptian Twittersphere

Since the outbreak of the Arab Spring protests in late 2010, Twitter use 
among Arab citizens has grown dramatically.9 Collectively, the Arab 
world generates 27.4 million tweets per day, with 20 percent of these 
tweets coming from Egypt.10 On average, Egyptian Twitter users pro-
duce 151 million tweets each month.11 Although Facebook and Whats- 
App are more popular than Twitter in Egypt,12 Twitter is particularly 
conducive to political discussions because users follow accounts based 
on particular interests and tend to focus on sharing information rather 
than reciprocal social interaction.13

Twitter has facilitated the creation of flexible networks of political 
communication outside of traditional civil society and media centers.14 
In Egypt, it evolved from a tool initially used by educated youth and 
activists into a platform for diverse individuals, including students, 
blue-collar workers, and even the elderly.15 Elites across Egypt’s politi-
cal spectrum—from aged generals to clerics and prominent members 
of the Muslim Brotherhood—have Twitter accounts. Because Twitter 
allows connections to elites and non-elites on the same platform, its 
networks not only transcend offline social connections, but also grant 
everyday citizens unprecedented access to elites.

Despite early optimism during the Egyptian Revolution that social 
media could facilitate democratic transition and political engagement, 
social media has also been used to achieve short-term political goals, to 

9  Liu, Kliman-Silver, and Mislove 2014.
10  Mourtada 2016.
11  Salem 2017.
12  Mourtada 2016.
13  Halpern, Valenzuela, and Katz 2017; Smith, Fischer, and Yongjian 2012.
14  Anduiza, Jensen, and Jorba 2012; Tufekci and Wilson 2012.
15  El-Khalili 2013.

ht
tp

s:
//

do
i.o

rg
/1

0.
10

17
/S

00
43

88
71

20
00

02
95

 P
ub

lis
he

d 
on

lin
e 

by
 C

am
br

id
ge

 U
ni

ve
rs

ity
 P

re
ss

https://doi.org/10.1017/S0043887120000295


246	 world politics 

manipulate public opinion, and even to incite violence.16 In the years 
following the 2013 coup, Egyptians witnessed widespread civil liber-
ties violations and human rights abuses. The Muslim Brotherhood and 
most other Islamist organizations were excluded from politics, the me-
dia, and civil society. Secular17 activists were jailed, and many of their 
organizations were banned.18 From 2013 to 2017, approximately sixty 
thousand Egyptians were imprisoned and Egyptian authorities built 
ten additional prisons to accommodate them. In early 2017, reports 
estimated that an average of three to four forced disappearances oc-
curred per day, and local human rights groups documented hundreds of 
extrajudicial killings and thousands of cases of torture.19

Following the coup, elite rhetoric became increasingly intolerant, of-
ten calling for the total exclusion of opponents from political and public 
life.20 In May 2014, for example, on live television, a representative of 
President Abdul Fatah al-Sisi’s election campaign called for the arrest 
of all Muslim Brotherhood members in Egypt, asserting that those 
who did not love Egypt “should be hit with shoes.” Similarly, in a 2014 
interview on a satellite channel, prominent host Mohammed Moussa 
openly called for the arrest and execution of atheists and secularists as 
part of a “war against destructive ideas.”21

In this tense political environment, social media rhetoric by po-
litical elites and politically engaged citizens was often inflammatory. 
Among secular Egyptians, tweets commonly called for death sentences 
for Muslim Brotherhood leaders, decried Islamists as terrorists, and 
proclaimed that the Muslim Brotherhood would never again return to 
power in Egypt. On the Islamist side, tweets inciting violence or pro-
claiming that Egypt was for Islamists only were also common. Tweets 
documenting and denouncing the regime’s civil liberties violations pro-
liferated as well. Examining these trends, Ingmar Weber, Venkata Gari-
mella, and Alaa Batayneh find increasing polarization among Egyptian 
Twitter users after the coup, with both Islamist and secular users more 
likely to retweet and mention users of the same political orientation.22 
Robert Kubinec and John Owen show that the coup led to increased 
polarization in the Egyptian Twittersphere that diffused transnation-
ally as well.23 Similarly, Marc Lynch, Dean Freelon, and Sean Aday 

16  Morrow and al Omrani 2014.
17  For ease of interpretation, throughout this article we refer to non-Islamist Egyptians as “secular.” 

Although many of these actors may be religious, they are not supporters of political Islam. 
18  Dunne and Williamson 2014; Hamzawy 2017.
19  Hamzawy 2017.
20  Boukhars et al. 2014.
21  Rollins 2014.
22  Weber, Garimella, and Batayneh 2013.
23  Kubinec and Owen 2018.
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demonstrate that Egypt’s online public became progressively segre-
gated into clusters of like-minded individuals who frequently expressed 
fear, paranoia, and mistrust.24

But what is the relationship between these increasingly polarized 
Egyptian Twitter networks and political behavior? Does spending time 
in a more ideologically diverse or homogeneous online network change 
the content of users’ political discourse? Or do people simply self-select 
into networks that reflect their existing beliefs and continue to update 
their networks as their attitudes shift? In the tense political climate of 
postcoup Egypt, the Egyptian Twittersphere provides an ideal setting 
for studying the relationship between network diversity and political 
intolerance over time.

III. Theoretical Motivation and Expectations

Social scientists have long posited that diverse social networks contrib-
ute to political tolerance by broadening individuals’ horizons and ex-
posing them to new ideas.25 This research was initially motivated by 
Gordon Allport’s contact hypothesis, which suggests that interactions 
with outgroups alleviate hostility by undermining false stereotypes and 
drawing attention to individual characteristics rather than to group 
generalizations.26 Numerous studies demonstrate that interactions with 
members of an outgroup create greater awareness of legitimate ratio-
nales for opposing views and motivate citizens to care about uphold-
ing the civil liberties of those with whom they disagree or whom they 
dislike.27 Although the majority of this work has been conducted in the 
United States,28 social network diversity has been found to be associ-
ated with increased political tolerance in a variety of cultural contexts, 
including Israel,29 Japan,30 and South Africa.31 But other work suggests 
that the relationship may be conditional on positive social interactions, 
threat perception, or other factors.32

Exposure to diversity need not come from direct interpersonal con-

24  Lynch, Freelon, and Aday 2016.
25  Blau 1974; Nunn, Crockett, and Williams 1978.
26  Allport 1954; Pettigrew 1998.
27  See Mutz 2002 and Mutz 2006 for an overview of the literature on intergroup contact and po-

litical tolerance.
28  For examples of studies on the positive effect of social network diversity on tolerance in the US 

context, see Huckfeldt, Mendez, and Osborn 2004; Mutz 2002; Mutz 2006; Peffley, Knigge, and Hur-
witz 2001; Robinson 2010; Tadmor, Tetlock, and Peng 2009.

29  Bloom and Bagno-Moldavsky 2015.
30  Ikeda and Richey 2009.
31  Gibson and Gouws 2005.
32  Haas and Cunningham 2014; Bloom and Bagno-Moldavsky 2015; Roccas and Amit 2011.
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tact with outgroup members. Instead it may come from exposure to 
print and electronic media. Craig Calhoun argues, “In modern societies, 
most of the information we have about people different from ourselves 
comes not through any direct relationships, even the casual ones formed 
constantly in urban streets and shops. Rather it comes through print 
and electronic media.”33 Similarly, Diana Mutz writes, “The future of 
communication across lines of political difference lies in technologies 
that transcend geographic space.”34 Thus, online social network diver-
sity may serve as a form of indirect contact—albeit quite different from 
the direct contact Allport envisioned in the 1950s.

Indeed, more recent research suggests that online social networks 
force users to confront political information that they would other-
wise avoid.35 Online social networks have sometimes been optimisti-
cally portrayed as a means of spreading information and proliferating 
points of contact across political and sectarian divides.36 For example, 
Ceren Budak and Duncan Watts find that exposure to members of op-
position groups online during the 2013 Gezi Park protests in Turkey 
led to greater support of these groups.37 But other studies indicate that 
although social media increases exposure to diverse political informa-
tion, it also enables individuals to seek out content that reinforces their 
existing views, creating echo-chamber environments that foster social 
extremism and political polarization.38

Most of the literature on network diversity and tolerance (both on-
line and offline) focuses on the link between non-elite or peer networks 
and tolerance.39 We therefore first explore the relationship between 
non-elite network diversity and tolerance. Motivated by theory and 
empirical findings in the political tolerance literature, we hypothesize:

—H1a. Non-Elite Network Diversity: Egyptian Twitter users in di-
verse non-elite networks will express less political intolerance than those 
in more homogeneous networks.

In line with past studies of the relationship between network diver-
sity and tolerance outlined above, we first expect that greater non-elite 

33  Calhoun 1988.
34  Mutz and Martin 2001. 
35  Zhang, Fuehres, and Gloor 2011; Wojcieszak and Mutz 2009.
36  Aday et al. 2010.
37  Budak and Watts 2015.
38  Farrell 2012; Garrett 2009; Aday et al. 2012; Bakshy, Messing, and Adamic 2015. Recent stud-

ies also suggest that the degree to which social media exposes people to ideologically diverse opinions 
may be asymmetrical. In the US, for example, liberals may be more likely to engage in cross-ideological 
online communication than conservatives. Barberá et al. 2015.

39  But see Dyck and Pearson-Merkowitz 2014 for an exception.
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network diversity will be associated with lower levels of intolerance. But 
merely observing this association tells us nothing about the direction of 
the relationship. For example, imagine a hypothetical Egyptian Twitter 
user, Ahmed, who has both a relatively diverse network and a relatively 
low level of intolerance. Does Ahmed choose to cultivate a Twitter net-
work that reflects his preexisting level of tolerance? Does exposure to 
diversity through Ahmed’s Twitter network cause him to become more 
tolerant? Do both processes play out at the same time?

Examining how Ahmed’s network and level of tolerance change over 
time helps us to assess the hypothesized association between network 
diversity and tolerance. Even if Ahmed already expressed low levels of 
intolerance when he initially chose to create a diverse network, does he 
become more tolerant after spending more time in his diverse network? 
We hypothesize that beyond the general association between network 
diversity and tolerance, individuals who spend more time in diverse 
networks will become more tolerant over time:

—H1b. Non-Elite Network Diversity over Time: Egyptian Twitter us-
ers in diverse non-elite networks will express less political intolerance after 
spending more time (from t1 to t2) in their diverse networks, whereas those 
in more homogeneous networks will express more intolerance over time.

What might lead Ahmed to express less intolerance after spending 
more time in a diverse network? Does more time in the network make 
Ahmed less likely to tweet intolerant content because he has been re-
peatedly exposed to outgroup members or to a wider range of ideas than 
he would otherwise encounter? Or do exogenous events lead Ahmed to 
continue to adapt both the structure of his network and the content of 
his tweets as his beliefs evolve over time?

Figure 1 illustrates H1b, depicting Ahmed’s network diversity and 
tolerance at t1 and a year later at t2. The composition of Ahmed’s Twitter 
network does not change and he becomes more tolerant over the course 
of spending an additional year in a diverse network.

Beyond descriptively assessing whether exposure to network diver-
sity is associated with increased intolerance over time, we can interpret 
H1b causally if the following assumptions are met:

—1. Changes in Twitter users’ tolerance over time from t1 to t2 are not 
associated with a simultaneous change in the diversity of Twitter users’ 
networks.

—2. Twitter users’ decisions to select into either diverse or homoge-
neous networks at t1 are independent of a subsequent bidirectional change 
in Twitter users’ behavior, whereby users in diverse networks express less 
intolerance and users in homogeneous networks express more intolerance 
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at t2 than they did at t1. Along these lines, the ignorability assumption 
requires that individuals who self-select into a particular type of network 
at t1 are not more likely to have a particular subsequent change in their 
behavior.

—3. The Stable Unit Treatment Value Assumption (sutva) requires 
that the response of a particular individual depends only on the treatment 
to which that unit was assigned, not the treatments of others.

The first assumption is met in Figure 1, as the diversity of Ahmed’s 
network does not change over time from t1 to t2. But is this a reasonable 
assumption for Egyptian Twitter users more broadly? Research on the 
Egyptian Twittersphere suggests that Egyptians became increasingly 
polarized into Islamist and secular networks in the immediate after-
math of the 2013 coup and subsequent violent repression of Islamists.40 
The period after the coup was marked by a great unfollowing in which 
anti-Brotherhood social media users stopped following Islamists, and 
vice versa, en masse, with social media campaigns calling on people 
to defriend Islamists. This suggests that by the time of our study in 
2015, individuals who intended to change the ideological composition 
of their networks would likely have already done so. We can test em-
pirically whether this first assumption is met by evaluating whether 
individuals in our study changed the diversity of their network from t1 
to t2 and the degree to which this change is associated with simultane-
ous changes in tolerance.

40  Lynch, Freelon, and Aday 2016.

Network Diversity

Intolerance

TolerantIntolerant

DiverseHomogeneous

t1

t2

t1 t2

Figure 1 
Network Diversity and Intolerance over Timea

a Figure displays the relationship between network diversity and intolerance over time (from t1 to 
t2) for a hypothetical Egyptian Twitter user, Ahmed.
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The second assumption would be violated if (1) individuals like 
Ahmed who self-select into a particular network were more likely to 
change their behavior in a particular direction over time, or (2) a con-
founder both drove individuals like Ahmed to select into a diverse net-
work by t1 and caused them to express less intolerance at t2 than they did 
at t1, while driving others to both self-select into more homogeneous 
networks by t1 and to express more intolerance at t2 than they did at t1. 
For example, if Ahmed held relatively tolerant beliefs at t1, he might 
self-select into a diverse network at t1, and then exogenous events be-
tween t1 and t2 might lead him—as an already tolerant person—to ex-
press lower levels of intolerance over time, independent of his network. 
At the same time, Twitter users who held relatively intolerant beliefs 
at t1 might select into homogeneous networks and then been driven 
by the same events to express even more intolerance by t2 than they 
did at t1. Although this example is plausible, it would require that the 
confounder drive initial selection into networks and drive individuals in 
those networks to change their behavior in different directions. 

Regarding the third assumption, in the event that sutva were vio-
lated, we would need to interpret our results as the effect of an indi-
vidual’s network diversity on their level of tolerance given that other 
people’s behavior is also simultaneously being impacted by the level of 
network diversity to which they are exposed. Although this interpreta-
tion is narrower, it is also more in line with the naturalistic experience 
of participating in an online social network.

Finding evidence for H1b will, at a minimum, improve our descrip-
tive understanding of how the relationship between network diversity 
and tolerance evolves over time. If we believe that our three assump-
tions are reasonable, then we can offer suggestive evidence that expo-
sure to network diversity increases tolerance over time. Because these 
assumptions are difficult to test, we also conduct sensitivity analysis to 
understand how strong a confounder would need to be to change our 
results.

Although studies of social network diversity and political tolerance 
tend to focus on interactions among ordinary citizens or non-elite net-
work diversity, exposure to elite cues may also play a role.41 Research 
in the US and in comparative contexts suggests that citizens rely on 
simple and reliable cues from elites to make policy judgments.42 Elites 

41  Dyck and Pearson-Merkowitz 2014.
42  See, for example, Lupia 1994; Lupia and McCubbins 1998; Druckman 2001; Druckman, Peter-

son, and Slothuus 2013; Brader and Tucker 2008.
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often have incentives to shape public opinion toward an outgroup, and 
when elites perceive a threat to their power, they may advocate punitive 
policies or work to mobilize public opinion against outgroups.43

Exposure to more diverse elite cues—particularly through the open-
ing of the media following democratic transitions—has been shown to 
move public opinion against policies that violate the civil liberties of an 
outgroup.44 Connecting elite cue theory to political tolerance, Allport 
notes that the effect of intergroup contact on tolerance relies on “au-
thority support.”45 Elites alert the public to social norms within their 
political ingroup and shape attitudes and behaviors toward outgroups.46 
On Twitter, individuals can choose to follow particular elites, cultivat-
ing networks that shape their exposure to elite cues. The literature on 
the key role of elite actors motivates our second set of hypotheses:

—H2a. Elite Network Diversity: Egyptian Twitter users who follow 
more ideologically diverse elite actors will exhibit less political intolerance 
relative to those who follow more ideologically homogeneous elites.

—H2b. Elite Network Diversity over Time: Egyptian Twitter users in 
more diverse elite networks will exhibit less political intolerance over time 
(from t1 to t2), whereas those in more homogeneous elite networks will 
exhibit more intolerance over time.

We hypothesize that a negative relationship exists between elite net-
work diversity and intolerance generally, and that spending more time 
in a diverse elite network will be associated with a decrease in an indi-
vidual’s expression of intolerance from t1 to t2. Although this hypothesis 
is descriptive, it can again be interpreted causally if individuals do not 
change the diversity of their networks from t1 to t2 and if we assume that 
the decision to initially select into a particular network at t1 is not asso-
ciated with a future bidirectional change in tweeting behavior—toward 
less intolerance for those in diverse networks and more intolerance for 
those in homogeneous networks—between t1 and t2.

IV. Measurement and Data

Measuring Political Intolerance on Twitter

Tolerance is traditionally defined in the political science literature as the 
degree to which citizens support the extension of civil liberties to polit-

43  King and Wheelock 2007; Baumer, Messner, and Rosenfeld 2003.
44  Stein 2013.
45  Allport 1954.
46  Pettigrew 1998; Dyck and Pearson-Merkowitz 2014.

ht
tp

s:
//

do
i.o

rg
/1

0.
10

17
/S

00
43

88
71

20
00

02
95

 P
ub

lis
he

d 
on

lin
e 

by
 C

am
br

id
ge

 U
ni

ve
rs

ity
 P

re
ss

https://doi.org/10.1017/S0043887120000295


	 t weeting beyond tahrir	 253

ical rivals, including groups advocating highly disagreeable viewpoints 
and ideologies.47 Civil liberties include the right to vote, to participate 
in political parties, to organize politically, to free speech and assembly, 
and to a fair and speedy trial, as well as other basic civil rights. Political 
intolerance, by contrast, is a form of exceptionalism that seeks to limit 
the civil liberties of particular citizens or groups, and hence, their abil-
ity to compete for political power.48

The three main approaches to measuring political tolerance use sur-
vey questions that ask, respectively, whether the respondent believes 
political activities should be allowed for members of a specific outgroup 
(fixed-group approach), whether political activities should be allowed 
for members of a group that the respondent reports liking least (least-
liked approach), and whether the respondent approves of polices that 
would limit civil liberties generally.49 A crucial aspect of tolerance is 
the so-called “objection precondition,” which states that tolerance is 
restraint of the urge to repress one’s political enemies or members of an 
outgroup.50 For example, in the US context, Democrats cannot be said 
to be “tolerant” of other Democrats because they are both members of 
the same political group, but they may or may not be tolerant of Re-
publicans (their primary political competitors). Measuring tolerance is 
therefore a two-step procedure. First, researchers must establish that an 
individual dislikes or is in competition with a political group. Then they 
must measure the extent to which the individual supports or opposes 
the political rights of that group.51 Measuring intolerance is a simpler 
endeavor. Expressing a desire to limit any group’s civil liberties implies 
dislike.

We operationalized Egyptian Twitter users’ political intolerance by 
measuring the frequency and the relative frequency with which they 
tweeted intolerant content online. We chose to measure intolerance—
rather than tolerance—because it is easier to measure, given that the 
objection precondition is, by definition, satisfied. We measured intoler-
ance through a two-step process. We first classified tweets as relevant 
or not to civil liberties in Egypt. We next determined whether these 
relevant tweets were or were not intolerant.

We began with a data set of approximately 130 million tweets related 
to Egypt or Egyptian politics containing the Arabic key words “Egypt,” 
“Sisi,” “Morsi,” “Muslim Brotherhood,” “coup,” “protest,” “revolution,” 

47  Gibson 2013; Sullivan, Piereson, and Marcus 1979.
48  Gibson 2013; Gibson and Gouws 2005.
49  Gibson and Gouws 2005; Sullivan and Hendriks 2009; Petersen et al. 2011.
50  Gibson and Gouws 2005.
51  Sullivan and Hendriks 2009.
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or “military rule,” as well as a data set of approximately eighteen mil-
lion tweets with geolocation metadata indicating they were sent from 
Egypt. Many tweets in these initial data sets were likely irrelevant to 
Egyptian politics—not to mention civil liberties—because they con-
tained the very broad key word “Egypt” or were included simply be-
cause geolocation metadata indicated that they were sent from Egypt. 
To obtain a training data set that contained a sufficient number of rel-
evant tweets, we first identified the two hundred most common terms 
in our data and selected those that were plausibly relevant to civil liber-
ties, including “court,” “constitution,” “prison,” “arrest,” “rights,” “law,” 
“coup,” and “military.”52 We next took a sample of five thousand tweets 
from the data set that contained key words that we might expect to be 
relevant to civil liberties.

We then used the data enrichment platform Figure Eight to code 
each of these five thousand tweets according to whether they were rel-
evant to civil liberties in Egypt. The coding was done by three native 
Arabic-language speakers. Using the human-coded data, we trained a 
Naive Bayes classifier to classify the roughly 148 million tweets in our 
data set as relevant (or not) to civil liberties in Egypt.53 After using our 
classifier to identify relevant tweets, we used human-coded data to train 
a second classifier to classify relevant tweets as intolerant or not.54

Under our coding scheme for the training data, translated and pre-
sented in Appendix A of the supplementary material, intolerant tweets 
support restricting civil liberties in Egypt. These tweets include those 
that favor civilian arrests, death sentences, or torture; those that support 
limiting the right to free speech, protest, or assembly; and those that 
advocate for banning political parties or excluding certain groups from 
formal or informal political participation.55

An example of an intolerant tweet found in the Twittersphere shows 
a graphic image portraying former President Morsi and other promi-

52  A full list of these key words and their translations is provided in Appendix A of the supplemen-
tary material; Siegel et al. 2021. If we had trained our classifier using random samples of tweets from 
the Egyptian Twittersphere, the vast majority of the tweets would have been irrelevant to civil liber-
ties and the classifier would have been trained on only the small number of tweets that were relevant. 
We chose this particular set of key words because they occur most commonly in the data and capture 
multiple theoretically motivated dimensions of political (in)tolerance.

53  A detailed description of this process and the performance of our classifier is described in Ap-
pendix A of the supplementary material.

54  Specifically, we used the Figure Eight platform to code fifty thousand relevant tweets as intoler-
ant or tolerant. Because intolerant tweets appear relatively rarely, we needed much more human-coded 
data to create our training data set for the intolerance classifier than was needed to create the training 
data set for the relevance classifier. More details on this process are provided in Appendix A of the 
supplementary material.

55  Siegel et al. 2021.
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nent Muslim Brotherhood members on their way to the gallows. The 
Arabic text of the tweet states, “God willing, the traitors, spies, and ter-
rorists will be executed. The people want the execution of the Brother-
hood.” Because this tweet clearly opposes the civil liberties of Islamists, 
it is classified as intolerant. Translated examples of randomly selected 
relevant and intolerant tweets are provided in Appendix A. Our intoler-
ance classifier enabled us to obtain longitudinal measures of intolerance 
for any Egyptian Twitter users who repeatedly tweeted content relevant 
to civil liberties in Egypt.

Measuring Twitter Network Diversity

To measure network diversity, we first developed a measure of po-
litical orientation—namely, whether a Twitter user was Islamist, 
secular, or neither (moderate).56 Following the 2013 coup, the Islamist- 
secular divide became more deeply entrenched as the primary fault 
line in Egyptian politics, and it is therefore the political dimension on 
which we assessed network diversity.57

It is possible to estimate the political orientation of Twitter users 
based on the political elites whom they choose to follow.58 Pablo Bar-
berá59 argues that the decision to follow a politician or political account 
on Twitter is a “costly signal” that provides information about a Twit-
ter user’s ideological position. This is grounded in the assumption that 
Twitter users prefer to follow accounts that share their political orienta-
tions because social networks are homophilic60 and individuals gravitate 
toward those with similar leanings. Borrowing from Yosh Halberstam 
and Brian Knight,61 we therefore measured the political orientation of 
Egyptian Twitter users based on the politicians whom they followed 
on Twitter.

We compiled a list of all Egyptian political elites on Twitter who 
had more than ten thousand followers and well-known political affili-
ations. This yielded a list of eighty-five Egyptian political elites (forty-
four secular and forty-one Islamist).62 We used the political affiliation 

56  Moderates, by whom we mean users who are neither Islamist nor secular, may include true mod-
erates (those who fall somewhere between Islamists and secularists on the ideological spectrum) or 
people whose political orientation cannot be determined because they do not follow any elites. 

57  Of course, there is additional diversity within the Egyptian political spectrum, including the 
Salafi–Muslim Brotherhood division on the Islamist side and the liberal-promilitary division among 
secular Egyptians, but here we focus on the Islamist-secular divide, which is the most salient.

58  Halberstam and Knight 2016.
59  Barberá 2015.
60  McPherson, Smith-Lovin, and Cook 2001.
61  Halberstam and Knight 2016.
62  See Appendix A of the supplementary material for more details and the list of elites; Siegel et 

al. 2021.
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(Islamist or secular) of these elites to classify the political orientation 
of each Twitter user as well as the political orientation of each Twitter 
user’s non-elite friends.63 Users were classified as Islamist if 60 percent 
or more of the elites they followed were Islamist, secular if 60 percent or 
more of the elites they followed were secular, and moderate if Islamists 
and secularists each constituted between 40 and 60 percent of the elites 
they followed. We chose the 60 percent cutoff point because it appeared 
to be accurate upon examining the networks of a hundred politically 
engaged Egyptians on Twitter whose political orientation could be eas-
ily determined based on the content of their tweets.64 But to ensure that 
our threshold choice did not bias our analysis, we also tried a series of 
other percentages—ranging from 55 percent to 85 percent—and found 
that using these alternatives did not substantively change our results.65 

Because the elites whom we chose were either secular or Islamist, our 
definitions of secular, Islamist, and moderate Egyptian Twitter users 
were mutually exclusive, allowing us to code the political orientation of 
each user in our sample and each of their non-elite friends. Users who 
did not follow any political elites were classified as moderate.

Users in completely homogeneous networks followed only Islamist 
or only secular elites, whereas those in completely diverse networks fol-
lowed an even proportion of Islamist and secular elites. Elite network 
diversity can therefore be measured on a zero to one continuous scale, 
with those in completely homogeneous networks receiving a score of 0 
and those in maximally diverse networks receiving a score of 1 as fol-
lows:

Elite Network Diversity = 1 – | % Secular Elites – % Islamist Elites |

To measure non-elite network diversity, we first classified the po-
litical orientation of each non-elite user whom individuals followed on 
Twitter. Our first measure of non-elite network diversity is analogous 
to our measure of elite network diversity:

Non-Elite Network Diversity = 1 – | % Secular Non-Elites –  
% Islamist Non-Elites |

63  “Friends” are accounts that a Twitter user follows. By contrast, “followers” are individuals who 
follow the user.

64  In a random sample of one hundred accounts, Islamist users frequently had profile metadata and 
photos that included Brotherhood slogans and symbols, and secular Egyptians often had pro-Sisi or 
promilitary imagery and text associated with their profiles.

65  Results using these different thresholds are displayed in Table B7 of the supplementary material.
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We also developed a second measure of non-elite network diver-
sity that makes the diversity score higher for users who followed large 
numbers of moderates, accounting for exposure to secular, Islamist, and 
moderate users in a network. This measure is also on a zero to one 
continuous scale:

Non-Elite Network Diversity =  
(Non-Elite Network Diversity + Moderate Non-Elites) / 2

Data

As we describe above, our initial data set consisted of tweets that in-
cluded either the Arabic word for Egypt or a reference to Egyptian 
politics, or geolocation metadata indicating that they were sent from 
Egypt. This initial data set contained 148,361,405 tweets. Of these, 
11,141,302 were sent by non-elite Egyptians.66 Using our relevance 
classifier, we determined that 3,050,983 of these tweets were relevant to 
civil liberties in Egypt. These relevant tweets were produced by 159,619 
unique Egyptian Twitter users.

To identify Egyptian Twitter users who were likely to tweet about 
civil liberties, we next limited this data set to users who had published at 
least four tweets from March 2014 to April 2015 that were relevant to 
those liberties. Doing so produced a data set of 9,400 non-elite Egyp-
tian Twitter users. This number is relatively small given the size of our 
tweet collection because the majority of tweets in the initial data sets 
were produced by news organizations, verified Twitter accounts, and 
users who did not appear to be located in Egypt. Further, rather than 
attempting to capture the full universe of intolerant tweets in the Egyp-
tian Twittersphere, our classifier prioritized precision over recall to en-
sure that we had accurate data with which to test our hypotheses. Many 
users deleted their accounts, stopped tweeting, or made their accounts 
private in the period under study. We also removed users with more 
than five thousand friends at the time of our initial collection, although 
this cohort accounted for less than 1 percent of the total data set. To 
identify bots in our data, we ran all our users through Botometer,67 an 
automated bot-detection tool. The results suggested that fewer than 2 
percent of the users in our data had above a 50 percent likelihood of 
being classified as a bot. We also manually examined a random sample 
of 500 of the 9,400 accounts searching for common indicators of bot 
activity68 and did not identify any bots.

66  Tweets were collected using Twitter’s streaming application programming interface (API). See 
Appendix A of the supplementary material for details on determining users’ location.

67  At https://botometer.iuni.iu.edu/#!/faq, accessed February 9, 2021.
68  Stukal et al. 2017.
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We next collected network data for each of the 9,400 Twitter users 
every day from April 2015 through October 2016 to classify their po-
litical orientation, to measure their network diversity, and to evaluate 
how their networks changed over time. In October 2016, at the end of 
the data collection period, we scraped the 3,200 most recent tweets of 
each of these users.69 For most of these users, these tweets covered sev-
eral years of Twitter activity and could even date back to their earliest 
tweet. This collection gave us a data set of almost 29 million tweets pro-
duced by 9,400 politically engaged Egyptian Twitter users. As Figure 
2 demonstrates, the users in our data set were geographically diverse. 
Although they were concentrated in Cairo, their locations generally 
mirrored the distribution of the Egyptian population along the Nile.

Our data set consists of 1,341 Islamist, 3,748 moderate, and 4,311 
secular Egyptian Twitter users. As Table A3 of the supplementary ma-
terial demonstrates, elite and non-elite network sizes varied dramati-
cally, with users following from zero to sixty-two elites and having from 
zero to 48,800 non-elite friends.70 The number of relevant tweets and 
the number of intolerant tweets also differed a great deal across users.71 

Further, as Figure 3 suggests, network diversity varied quite a bit, with 
concentrations of users in both diverse and homogeneous networks. 
The large number of users with maximally diverse or maximally ho-
mogeneous elite networks was partly driven by the fact that many users 
followed very few elites, as Table A3 suggests.72

V. Empirical Strategy and Results

We first assessed whether users in more ideologically diverse networks 
exhibited lower levels of intolerance relative to users in more homo-
geneous networks (H1a and H2a). When measuring intolerance as a 
raw count of intolerant tweets, we used a quasi-Poisson model. Quasi- 
Poisson regression accounts for overdispersion in count data, address-

69  Twitter’s API limits enabled us to scrape the 3,200 most recent tweets and retweets in a given 
user’s timeline. Our results do not change significantly when retweets are excluded from the analysis.

70  Although some individuals did not follow any elites and some did not follow any non-elites, ev-
eryone in the sample followed at least one person. Network statistics are from October 2016, the end 
of the data collection period.

71  Although our sample only included users who had sent at least four relevant tweets from March 
2014 through April 2015, when we scraped the 3,200 tweets for each of these users in October 2016, 
the end of our data collection period, some users who tweeted frequently had tweeted fewer than four 
relevant tweets in their most recent 3,200 tweets. The minimum relevant tweet count in Table A3 is 
therefore one rather than four; Siegel et al. 2021.

72  Descriptive statistics of users’ tweet content, network size, and network diversity are provided 
in Appendix A of the supplementary material. The process of collecting data to measure intolerance 
and network diversity described above is summarized in the flowchart in Figure A2; Siegel et al. 2021.
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ing the fact that many users in our sample rarely tweeted intolerant 
tweets in the period under study. Although intolerant tweets are a rare 
outcome,73 because thousands of Egyptians produce this rhetoric, a 
small difference in individual tweet volume represents a meaningful 
reduction in the volume of intolerant tweets in the Egyptian Twitter-
sphere. When measuring intolerance as a proportion of relevant tweets, 
we used ols regressions.

73  We therefore also replicate this analysis using a negative binomial model, yielding similar results 
reported in Table B6 of the supplementary material.

FIgure 2
geographIc dIstrIbutIon oF twItter users In saMplea

a Figure shows the locations of geolocated Twitter users in our data set. We have geolocation data 
for 6,431 of the 9,400 users in our sample.
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Because having a larger political communication network may in-
crease tolerance,74 we included elite network size and non-elite network 
size as control variables measured as log(number of elite friends) and 
log(number of non-elite friends).75 We also included an Islamist dummy 
variable to account for political orientation.76 Additionally, we con-
trolled for the time a user had been on Twitter, measured as log(number 
of days on Twitter) and—in the count model—included a control for 
each user’s number of relevant tweets.

Figure 4 plots the coeffi cients from our quasi-Poisson model, dem-
onstrating that both elite and non-elite network diversity are associ-
ated with statistically signifi cant lower levels of intolerance whether 
we measure non-elite network diversity including or excluding moder-
ates. Tables B1 and B2 of the supplementary material demonstrate that 
these results are consistent whether measuring intolerance as a count or 
as a proportion, with and without controls. Converting the point esti-

74  Gibson 2001.
75  Network size is not signifi cantly correlated with either elite or non-elite network diversity, so we 

do not have any concerns about collinearity here. Because we exclude moderates from our measure of 
non-elite diversity, our network size variable captures this information as well.

76  This is not signifi cantly correlated with elite (or non-elite) network diversity.
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a Figure shows variation in elite and non-elite network diversity (including and excluding moder-
ates) of the 9,400 Twitter users in our data set.
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mates to exponentiated coefficients to facilitate interpretation, a one-
unit increase in elite network diversity from a fully homogeneous to a 
maximally diverse elite network is associated with a 34 percent decrease 
in a user’s intolerant tweets. Similarly, a one-unit increase in non-elite 
network diversity (excluding moderates) is associated with a 33 percent 
decrease in a user’s intolerant tweets. But when we measure network di-
versity including moderates, we see a much stronger relationship between 
non-elite network diversity and intolerance, with a one-unit increase in 
non-elite network diversity associated with a 78 percent decrease in in-
tolerance. A larger non-elite network is also significantly associated 
with lower levels of intolerance. By contrast, a larger elite network is 
associated with a higher level of intolerance. Demonstrating the valid-
ity of our intolerance classifier, we see similar results using only the 
human-coded data with which we created our training data set (Table 
B3 of the supplementary material).77

77  We also replicate this analysis looking at tolerant tweets and irrelevant tweets. As we might 
expect, greater network diversity is significantly associated with higher levels of tolerance. Greater 
network diversity is also significantly associated with producing more irrelevant tweets. Perhaps more 

Non-elite 
diversity

(w/ moderates)

Non-elite 
diversity

(w/o moderates)

Elite diversity

Excluding Moderates

         –1.5         –1.0          –0.5          0.0

Including Moderates

         –1.5         –1.0          –0.5          0.0

Figure 4 
Network Diversity and Intolerance (Quasi-Poisson Models)a

a Figure displays coefficient plots of quasi-Poisson models demonstrating the association between 
network diversity (with and without moderates) and users’ intolerant tweet count. The figure reports 
nonexponentiated coefficients. The models include controls for users’ relevant tweet count, days on 
Twitter, and political orientation. N = 9,400. The plot shows 95 percent confidence intervals. Full 
regression tables with and without controls can be found in Appendix B of the supplementary material 
(Siegel et al. 2021).
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Next, we tested hypotheses H1b and H2b, that beyond the gen-
eral association between network diversity and tolerance, individuals 
who spend more time in diverse networks will exhibit less intolerance 
over time. The time series structure of Twitter data gave us temporally 
granular behavioral measures of both network diversity and tolerance 
that allowed us to better understand the dynamics of the relationship 
between them. We measured the association between network diversity 
and the change in a users’ level of intolerance from t1 to t2. To do so, we 
used lagged dependent variable models78 to assess the degree to which 
spending an additional year in a diverse network was associated with a 
decrease in public expression of intolerance in the next six-month pe-
riod, relative to the six months preceding t1. As in the previous models, 
we included controls for network size, time on Twitter, political orien-
tation, and—in the case of the count models—the number of relevant 
tweets.

The results of these analyses—whether we apply proportional or 
count measures of intolerance, including and excluding controls— 
suggest that spending a year in a more diverse network is associated 
with a decrease in intolerance, relative to the previous six-month pe-
riod. Figure 5 plots the coefficients from our quasi-Poisson lagged 
dependent variable model. Both elite and non-elite network diversity 
(with and without moderates) are associated with a decrease in a user’s 
level of intolerance after spending an additional year in a given Twitter 
network, and the result is statistically significant. Converting the point 
estimates to exponentiated coefficients for ease of interpretation, we see 
that spending an additional year in a maximally diverse elite network 
is associated with a 42 percent decrease in a user’s intolerant tweets in 
the following six-month period, controlling for prior levels of intol-
erance. Similarly, spending an additional year in a maximally diverse 
non-elite network excluding moderates is associated with a 45 percent 
decrease in a user’s intolerant tweets in the following six-month period, 
and spending an additional year in a diverse non-elite network includ-
ing moderates is associated with an 82 percent decrease in intolerant 
tweets. As in the aggregate analysis, following a larger number of elites 
is significantly associated with an increase in intolerance.79

tolerant individuals also tweet more about topics that are not politically contentious. These results are 
reported in Tables B4 and B5 of the supplementary material. 

78  Finkel 1995.
79  Lagged dependent variable models generally underestimate the coefficients of other independent 

variables besides the lagged dependent variable. This approach thus yields a conservative test of the 
association between spending an additional year in a diverse network and a user’s level of intolerance in 
the subsequent period ( Jorgenson and Burns 2007). These associations are also evident when examin-
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These results provide support for our descriptive hypotheses. As we 
argue in our discussion of the hypotheses, we can interpret these re-
sults causally if changes in Twitter users’ levels of intolerance over time 
are not associated with a simultaneous change in the diversity of their 
networks and we assume that users’ decisions to select into a diverse 
or homogeneous network at t1 are independent of their likelihood of 
bidirectionally changing the frequency with which they tweet intoler-
ant rhetoric a year later at t2, such that those in more diverse networks 
express less intolerance and those in more homogeneous networks ex-
press more.

The histograms in Figure 6 plot the distribution of users’ changes 

ing the raw data. The fifty users who exhibited the greatest decrease in intolerance had an average elite 
network diversity of 0.53 and an average non-elite network diversity of 0.35, whereas those with the 
greatest increase in intolerance had an average elite network diversity of 0.28 and an average non-elite 
network diversity of 0.19.

Non-elite diversity
(w/ moderates)

Non-elite diversity
(w/o moderates)

Elite diversity

Excluding Moderates

      –2.0      –1.5      –1.0      –0.5        0.0

Including Moderates

      –2.0      –1.5      –1.0      –0.5        0.0

Figure 5 
Network Diversity and Change in Intolerance over Time (Quasi-Poisson 

Lagged Dependent Variable Models)a

a Figure displays coefficient plots of lagged dependent variable models evaluating the association 
between network diversity (with and without moderates) and the change in a user’s intolerant tweet 
count after spending one additional year in a network. The models also include controls for users’ 
relevant tweet count, days on Twitter, and political orientation. N = 7,843. Users in our sample who 
did not have relevant tweets before May 2015 and after May 2016 were excluded from the analysis. 
The plot shows 95 percent confidence intervals. Full regression tables with and without controls and 
models that control for changes in network diversity can be found in the supplementary material 
(Siegel et al. 2021).
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in network diversity from May 2015 to May 2016, demonstrating that 
changes in both elite and non-elite network diversity are clustered 
around zero. Furthermore, the degree to which users in our sample 
changed the composition of their elite and non-elite networks over the 
course of our study is not significantly associated with a change in their 
intolerance levels after spending an additional year on Twitter. This 
result suggests that our first assumption is valid—the decision to select 
into a particular network initially is not associated with the likelihood 
of tolerance changing over the subsequent year.

Of course, we could not randomly assign individuals to initially select 
into particular networks, which would meet the gold standard for in-
terpreting our results causally. But we could control for cross-sectional 
variation of initial selection into diverse or homogeneous networks. We 
reestimated our conditional change models using a fixed effect to mark 
users in diverse (network diversity greater than 0.5) and non-diverse 
(network diversity less than 0.5) networks. The results of this analysis 
are reported in Table B10 of the supplementary material and are consis-
tent with our findings reported in Figure 5, although the effect sizes are 
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Figure 6 
Change in Network Diversitya

a Figure shows the change in elite and non-elite network diversity (with and without moderates) 
from May 2015 to May 2016. Most users had minimal change in network diversity in this period, with 
most of the data clustered around zero.
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of course much smaller, as they only represent differences among users 
in diverse (or homogeneous) networks.

Again, without random assignment we cannot rule out the possibil-
ity that our findings are biased by omitted variables. We therefore also 
explored the sensitivity of our results to the inclusion of an omitted 
variable exogenous to and correlated with both network diversity and a 
change in intolerance. Sensitivity analysis allows us to assess how strong 
unobserved confounders would need to be to change our results. The 
results of this sensitivity analysis, explained in detail in Appendix C of 
the supplementary material, suggest that it is unlikely that our results 
are being driven by omitted-variable bias. The effect of elite network 
diversity and non-elite network diversity on the change in intolerance 
over time is robust to confounding variables between one and three 
times as strong as any of the covariates observed in our models. Taken 
together, we interpret our results as providing support for our descrip-
tive hypotheses and as suggestive evidence that network diversity may 
cause a reduction in the public expression of intolerance over time.

VI. Discussion and Conclusions

Our findings indicate that individuals in more diverse political commu-
nication networks—particularly those that include moderate peers—
express lower levels of intolerance toward outgroups than those in 
homogeneous networks and that the amount of intolerant rhetoric they 
express decreases after spending more time in the network. By contrast, 
the amount of intolerance expressed by those in homogeneous net-
works increases over time. Further, individuals rarely changed the ide-
ological diversity of their networks over the time period under study. 
Thus, as we assume that the decision to initially select into a given net-
work is independent of a bidirectional change in the expressed level of 
tolerance in the future—such that those in diverse networks express less 
intolerance and those in homogeneous networks express more—we in-
terpret our results as providing suggestive evidence that greater expo-
sure to network diversity decreases intolerance over time.

What do our results tell us about the mechanisms by which network 
diversity might affect tolerance over time? As we outlined above, a di-
verse elite network may expose individuals to a wider range of view-
points from well-known, influential political actors. Similarly, spending 
time in a diverse non-elite network exposes individuals to a wider range 
of political viewpoints from their peers. As noted previously, decades 
of social science literature suggest that exposure to members of an out-
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group can create greater awareness of the rationale for opposing views.80 

Thus, the associations we observe could be driven by attitude changes 
from repeated exposure to new information over time.

But spending time in a diverse peer network that contains moderates 
may influence tolerance over time through a second mechanism: social 
norms. Recent research suggests that the norms of online communities 
heavily influence the individuals who belong to them. Experimental 
evidence demonstrates that being sanctioned by a peer for uncivil or 
intolerant behavior or being called out for expressing a particular politi-
cal view can cause individuals to express less extreme and less intolerant 
rhetoric online.81 Moreover, individuals in networks where intolerant 
language is less common are even more affected by social sanctions 
from peers, who set the bounds of what behavior is acceptable or not 
within a network.82 Our finding that diverse networks—particularly 
those with greater numbers of moderate peers—contain less intolerant 
speech than more homogeneous networks suggests that using intoler-
ant discourse in these settings may violate their norms. As individuals 
spend more time in a network where intolerant language is uncommon 
or is sanctioned by other users, they may reduce their expression of this 
rhetoric over time.

By exploiting Twitter’s architecture to develop a much more detailed 
measure of elite and non-elite political communication networks than 
traditional survey methods allow and by describing the relationship be-
tween network diversity and tolerance both in the aggregate and over 
time, this article provides a key contribution to the tolerance and elite 
cues literatures. Additionally, our analysis offers insight into the poten-
tial short- and long-term effects of online social networks on political 
attitudes and behavior, a topic of great interest in political communica-
tion research.

In the vast majority of tolerance studies to date, social scientists have 
been seriously limited in their ability to comprehensively map and char-
acterize people’s networks.83 The challenge of accurately measuring po-
litical communication networks has forced researchers to either rely on 
self-reported descriptions of individuals’ networks or to painstakingly 
develop detailed pictures of such networks (through anthropological 
participant observation, for example), which can only be compiled for 
a small number of people.84 This article, by contrast, demonstrates the 

80  See Mutz 2002; Mutz 2006.
81  Munger 2017.
82  Siegel and Badaan 2020.
83  For discussions of these limitations, see Gibson 2001; Bloom and Bagno-Moldavsky 2015.
84  Gibson 2001.
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tremendous potential of social media data to thoroughly characterize 
the elite and non-elite political communication networks of large num-
bers of people in diverse contexts.

Similarly, this article elucidates the opportunity that machine- 
learning text-analysis techniques afford for using social media data to 
study shifting behavior over time. By using a relatively small amount 
of human-coded data to train a classifier, we were able to analyze more 
than 29 million tweets produced by 9,400 politically engaged Egyptians 
over two years. Obtaining these types of repeated longitudinal measures 
of intolerance and networks over time would be impossible using more 
traditional data sources, particularly in nondemocratic polities.

But before generalizing the findings in this analysis beyond post-
coup Egypt, we must consider three caveats. First, this study was con-
ducted using Twitter data because those data are publicly available and 
allow us to measure the behavior of elites and everyday citizens on the 
same platform. Twitter users tended to be younger and more politi-
cally engaged than users of other social media platforms in Egypt in 
this period. Moreover, our analysis is further constrained to individuals 
who regularly talked about politics on Twitter (that is, those who either 
were geolocated in Egypt or tweeted about Egyptian politics in Arabic 
and who published at least four tweets relevant to civil liberties from 
March 2014 to April 2015). Additionally, these individuals did not de-
lete their accounts, have their accounts suspended, or stop tweeting over 
the course of the study. This means that our analysis is also limited to 
active Twitter users and likely excludes extremist users whose accounts 
may have been suspended during the period under study. Although this 
population is in no way representative of Egyptians or even of Egyptian 
social media users, we believe it is a reasonable proxy for politically en-
gaged Egyptian Twitter users.

Second, the depth of ideological polarization in postcoup Egypt, 
exacerbated by the exclusion of Islamists from almost all formal politi-
cal channels, is extreme. But in other parts of the Arab world, includ-
ing Jordan, Morocco, and Tunisia, the Islamist-secular divide has also 
deepened, and we might expect to find similar results.85 Recent work 
suggests that polarization and ideological animosity have increased in 
established democracies, developing democracies, and authoritarian 
contexts alike over the past decade,86 perhaps making postcoup Egypt 
less of an outlier.

Third, our real-world observational data does not enable us to ran-
85  Kubinec and Owen 2018.
86  Somer and McCoy 2018.
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domly assign individuals to networks to make robust causal inferences. 
Although our sensitivity analysis suggests that our results are robust 
to the presence of large confounders in the data, more experimental 
research is needed to precisely estimate the causal effects of network 
diversity on tolerance in diverse contexts.

Although evaluating the relationship between network diversity and 
intolerance in the online sphere may not appear to have immediate con-
sequences on the ground, a growing body of literature suggests that on-
line activity reveals important information about offline attitudes and 
behavior. Notably, in their study of ideological homophily and segrega-
tion on Twitter, Halberstam and Knight87 find that the degree of ideo-
logical segregation in Twitter networks is similar to that in networks of 
face-to-face interactions with friends and coworkers. This suggests that 
the effects we observe in the online sphere could be occurring offline as 
well. The connections between online and offline behavior also deserve 
further study.

Given that the “Twitter revolutions” failed to bring democratic change 
and that virulent Islamist-secular polarization continues to threaten 
Egypt’s stability, understanding the structure of political communication 
among elites and engaged citizens has become particularly pertinent. 
The results of this article indicate that the online social networks that 
Egyptian Twitter users cultivate may shape their level of intolerance— 
or at least their propensity to use intolerant rhetoric—over time. More 
substantively, they suggest that online social network structures may 
influence political attitudes and behavior. We hope future research will 
continue to examine the dynamics of online network diversity and po-
litical tolerance in other contexts, paying particular attention to how 
the patterns we observe in postcoup Egypt might differ in less sharply 
polarized contexts or other regime types.

Supplementary Material

Supplementary material for this article can be found at https://doi.org/10.1017/
S0043887120000295.

Data

Replication files for this article can be found at https://doi.org/10.7910/DVN/KO 
IKBJ.
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