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Abstract

Developing real-time measures of sectarian hostility, this article evaluates the e↵ects

of diverse episodes of violence on the public expression of anti-Shia sentiment in Saudi

Arabia. Using an original dataset of Arabic tweets containing sectarian slurs, we find

that both violent events abroad and domestic terror attacks on Shia mosques produce

significant upticks in the popularity of anti-Shia language in the Saudi Twittersphere.

Constructing novel measures of elite incitement of intergroup tensions, we find that

while elite actors both instigate and spread derogatory rhetoric in the aftermath of

foreign episodes of sectarian violence, they are less likely to do so following domestic

mosque bombings. Taking advantage of the relatively uncensored, temporally granular,

and networked nature of social media data, this study o↵ers new quantitative insights

into the mircodynamics of intergroup conflict in a country where tight government

control has all but precluded empirical studies of political attitudes and behavior.
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1 Introduction

Amid soaring death tolls and mounting refugee flows, ongoing fighting in Yemen, Iraq,

and Syria has reignited long-simmering sectarian tensions across the Arab World (Phillips

2015). As battlefronts in the continuing power struggle between Shia Iran and the Sunni

Arab States, these complex civil conflicts are often portrayed in starkly sectarian terms.

At the same time, the Islamic State in Iraq and Syria (ISIS)—an extremist Sunni militant

group—has repeatedly targeted Shia religious sites. Seeking to foment anti-Shia hatred

and destabilize the Gulf monarchies, these attacks have sent sectarian shock-waves across

the region. These e↵ects are particularly visable in Saudi Arabia, where the Sunni royal

family has often oppressed its restive Shia minority. In the post-Arab Spring period, these

regional conflicts and domestic terror attacks have exacerbated sectarian tensions in the

Saudi kingdom (Matthiesen 2015).

The growing popularity of sectarian hate speech among religious and political elites,

media outlets, and the Saudi public is a clear manifestation of this heightened hostility.

Once the purview of extremists, language dehumanizing the Shia and casting its members

as “apostates” or false Muslims has become more mainstream (Zelin and Smyth 2014). This

spread of hate speech has been particularly visible on Twitter, which is widely used by elites,

extremists, and everyday citizens alike (Mourtada and Salem 2014).

At first glance, the popularity of derogatory rhetoric—especially in the online sphere—

may appear to have little real-world significance. However, decades of social science research

suggest that the prevalence of ethnic slurs in a society serves as a barometer for intergroup

animosity (Roback 1944; Palmore 1962; Graumann 1998). In fact, recent studies demonstrate

that the relative popularity of online hate speech can be used to accurately measure local

levels of racial animus and predict the likelihood of intergroup violence (Stephens-Davidowitz

2013, 2014). By enabling us to track real-time shifts in the popularity of anti-Shia discourse in

Saudi Arabia, social media data provide new insights into the mechanisms by which sectarian

animosity arises and spreads. In particular, this paper explores how diverse episodes of

violence impact mass levels of anti-Shia hostility in Saudi Arabia, as well as elite incentives

to incite it.

A diverse body of political psychology and ethnic conflict literature demonstrates that

violence exposure heightens perceived threats, playing a key role in driving intergroup hos-

tility.1 But the degree to which particular violent events might spark more animosity than

others remains understudied. Furthermore, although studies of ethnic conflict highlight the

1See Section 3.1 for an overview of the relationship between violence exposure, threat
perception, and intergroup hostility.
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role of elite actors in strategically promoting interethnic animosities,2 less is known about

how conflict events may shift elite incentives to incite or dampen hostility. Finally, no ex-

isting works (to our knowledge) have empirically assessed how elites and everyday citizens

interact in real-time to create and spread anti-outgroup narratives.

Seeking to fill these gaps in the literature, we assess how diverse episodes of violence

a↵ect mass levels of anti-Shia hostility—as well as elite incentives to incite it—in Saudi

Arabia. In particular, we hypothesize that both foreign episodes of sectarian violence and

domestic terror attacks on Shia religious sites will increase mass levels of anti-Shia hostility.

Furthermore, we predict that Sunni elite actors will seize on foreign violent events as an

opportunity to incite intergroup tensions and mobilize coreligious constituents. However,

in the aftermath of domestic terror attacks that threaten to undermine their authority, we

expect that elites will tamp down this rhetoric and instead work to promote national unity.

To test this variation in the impact of foreign and domestic violent events on the mass and

elite expression of anti-Shia hostility over time, we collected an original Twitter dataset. This

data includes 590,719 tweets containing derogatory sectarian slurs sent by 152,581 unique

Twitter users located in the Saudi Kingdom between February 3 and October 26, 2015.

Given that 8 million Saudis—an estimated 41 percent of the population—are on Twitter

(Al-Arabiya 2015), this data provides a novel real-time measure of the intensity of anti-Shia

hostility. Additionally, Twitter’s network architecture and temporal granularity allows for

examination of users’ interactions with elites, extremists, and average citizens on the same

platform. This structure facilitates detailed measures of how diverse actors spread hostility

over time. Such large scale, real-time, networked measures were impossible to obtain before

the advent of social media data. Our approach therefore allows for direct tests of how

violence impacts both mass levels of hostility and elite incentives to incite it in a region of

the world that has often been neglected by social scientists.

Several conflict events occurred throughout our period of data collection that enable us to

measure the e↵ects of exogenous episodes of violence on levels of sectarian animosity in Saudi

Arabia. In particular, our empirical strategy exploits two major advances of Iran-backed

Shia Houthi rebels in Yemen, the pro-Assad Russian military intervention in Syria, and two

terror attacks on Saudi Shia mosques.3 In line with our predictions, we find that both foreign

episodes of violence and domestic mosque attacks drive upticks in the public expression of

anti-Shia hostility in Saudi Arabia. Secondly, we develop two measures of incitement—

instigation and influence—to assess when Saudi political leaders, clerics, media outlets, and

2 See Section 3.2 for an overview of the literature on the role of elites in intergroup conflict.
3We use these events to conduct Interrupted Time Series Analysis (ITSA), which enables

us to test the immediate and longer term e↵ects of each event on levels of anti-Shia hostility.

3



pro-ISIS (Sunni extremist) actors are initiating and/or exacerbating these upticks in hostility.

Supporting our expectations, we find that although religious and political elites play a key

role in both instigating and influencing the spread of hate speech in the aftermath of foreign

violent events, they are much less likely to do so following domestic attacks on Shia mosques.

By uncovering this variation in mass and elite responses to violent events, our study

o↵ers new insight into the e↵ects of foreign and domestic episodes of violence on the micro-

dynamics of intergroup conflict. This not only contributes to the ethnic politics and political

psychology literatures, but also adds to a new body of research using social media data

to analyze conflict dynamics in real time.4 More substantively, this paper provides new

insights into a highly destabilizing source of unrest and violent extremism in the Arab World

and beyond. The rest of the paper is structured as follows: Section 2 provides background

information on sectarianism and anti-Shia hate speech in the Arab World; Section 3 presents

the theoretical motivation and hypotheses; Section 4 describes the data; Section 5 lays out

the empirical strategies and results; and Section 6 provides conclusions.

2 Background

In early 2011, the self-immolation of a Tunisian fruit seller set o↵ a wave of anti-regime

protest across the Arab World. In this period, the desire to remove autocrats from power

appeared to have eclipsed sectarian identities as the primary mobilizing force throughout

the region. This was even true in Saudi Arabia, where the Shia minority had long faced

brutal discrimination. In the early days of the Arab Spring, moderate Shia activists sought

to restore relations with Sunni reformists, planning a countrywide “Day of Rage” against

the monarchy (Matthiesen 2013). In spite of these early showings of unity, relations soon

soured. During the period of this study, from February to October 2015, sectarian tensions

were at their highest levels since the Iran-Iraq war in the 1980s (Abdo 2015).

This current rise of sectarian hostility is not an inevitable outcome of historical religious

conflict. Instead, recent scholarship suggests that both domestic politics and regional power

struggles contribute to the activation of these religious tensions. Additionally, the strength

of transnational Arab identities has meant that sectarian unrest in one corner of the region

often reverberates powerfully in another. As the Sunni-Shia split becomes the lowest common

denominator for interpreting regional conflicts, violent sectarian events abroad can easily

ignite dormant domestic antagonisms (Wehrey 2013).

4Recent studies harnessing social media data to study the microdynamics of conflict
include: Zeitzo↵, Newman and DeRouen (2014); Zeitzo↵ (2011); Gagliardone (2014).
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In this climate, the narrative that the Shia are determined to expand their religious

influence and power in the region has gained broad acceptance among Sunni populations.

This fear is especially salient in Saudi Arabia, where the minority Shia population is fre-

quently subjected to governmental repression and hostile media narratives (Wehrey 2013,

2015). Qualitative studies also suggest that protracted regional sectarian violence has pop-

ularized anti-Shia hate speech among Salafi clerics, extremist groups, and everyday citizens

alike (Muza↵ar 2012; Zelin and Smyth 2014; Abdo 2015).

The Twitter feeds of Salafi or ultra-conservative Sunni clerics provide illustrative exam-

ples of how sectarian hostility manifests itself on social media. For example, in November

2013, Saudi Cleric Mohammed al-Arefe, who had over eight million Twitter followers at

the time, tweeted: “The Rawafid [Shia rejectionists or false Muslims] assemble Shia women

whose aim is to provide temporary marriage [sexual relations] for Shia fighters.” Another

cleric, Salem al-Rafei tweeted in May 2013: “Oh God, be with our brothers in Qusayr [region

in Syria] and not against them. Grant them victory over the Kufar [infidels, nonbelievers]”

(Abdo 2015). Beginning in March 2015, escalating conflict in Yemen brought a new storm

of anti-Shia sentiment to the Arab Twittersphere. Tweets by Salafi clerics insulted Shia

Muslims as “Islamic rejectionists” practicing an “unacceptable religion” that are members

of a “downtrodden nation.” For example, Saudi cleric, Abdulaziz Toufayfe, derided the

Shia tradition of visiting family burial sites calling the Shia “people of idols, worshippers of

graves” in a message that was retweeted over 12,000 times (Murphy 2015).

Demonstrating the manner in which regional conflicts can be collectively viewed in sec-

tarian terms, Saudi Sheikh Nasser al-Omar told his 1.65 million Twitter followers that “it

is the responsibility of every Muslim to take part in the Islamic world’s battle to defeat the

Safawis [derogatory term linking the Arab Shia to Iran] and their sins, and to prevent their

corruption on earth.” In a video posted on his Twitter account on April 14, 2015, he tells

dozens of Saudi men seated in a mosque that their “brothers” in Iraq, Yemen, Syria, and

Afghanistan are fighting a jihad, or holy war, against the “Safawis” (Batrawy 2015).

Domestic events have sparked anti-Shia hate speech online as well. Following ISIS attacks

on Saudi Shia mosques in May 2015, many Saudis took to social media to blame Iran for

the bombings. In particular, they argued that the attacks were perpetrated in order to

provoke subversive members of the Saudi Shia population to turn against the kingdom.

After blaming Iran for creating the Islamic State, prominent Saudi cleric Luftalla Khoja

tweeted, “Iran won’t hesitate in sacrificing Shia, to create a war between Sunni and Shia.”

In tweeting about donating blood to victims after the bombing, a number of Saudi Twitter

users expressed trepidation along sectarian lines. As one Saudi Twitter user wrote, “I wish
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to donate, but I am afraid we would donate and a Shia would take it, and he does not

deserve even our spit.” Similarly, another added, “You donate to infidels?”(Kirkpatrick

2015). These quotes demonstrate that even in the aftermath of violent domestic terror

attacks on a minority group, sectarian animosities were running high. While these examples

are noteworthy, the degree to which violent sectarian events actually cause surges in anti-

Shia rhetoric—and the extent to which this is an elite-driven phenomenon—has yet to be

studied systematically.

3 Theoretical Motivation and Expectations

In order to gain a more comprehensive understanding of this relationship between violence

exposure and sectarian hostility, we draw on insights from the ethnic politics and social

psychology literatures. In particular, in Section 3.1, we provide an overview of past studies

linking violence to heightened threat perception and outgroup animosity. Building o↵ of these

findings, we then predict the the types of violent events that are likely escalate intergroup

hatreds. Moving to elite mechanisms, Section 3.2 provides an overview of the literature

on elite incitement of conflict. These theories are then used to predict when elites will be

strategically motivated to incite anti-Shia hostility in the Saudi context.

3.1 Violence, Threat, and Intergroup Tensions

Social scientists have long posited that external stimuli—particularly conflicts or vio-

lent events—elevate the salience of group identities (Coser 1956; Fearon and Laitin 2000;

Hutchison and Gibler 2007). The social context generated by these events shapes individual

attitudes toward outgroups (Tajfel 1981; Brown 1988). When individuals sense threats to

their group’s status or well being, boundaries are activated. The perceived distinctions be-

tween ingroup and outgroup grow stronger, the outgroup is homogenized and deindividuized,

and in-group solidarity grows. In this context, groups become polarized, and anti-outgroup

hostility rises.5

Indeed, the social psychology literature suggests that perceived threat is the single best

group-level predictor of outgroup animosity. Studies in diverse contexts including Northern

Ireland, Israel and Palestine, South Africa, Lebanon, Guatemala, and South Sudan demon-

strate that violence exposure heightens levels of perceived threat, intensifying intergroup

5See McDoom (2012) for an overview of the political science and social psychology liter-
ature on this topic.
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hostility.6 These consequences extend far beyond individuals who are directly exposed to

violent conflict. Most people do not assess threats to personal, group, or national security

on the basis of direct experience. Instead, mass media represents one of the most relevant

channels through which perceptions of conflict are assembled (Canetti-Nisim et al. 2009;

Slone 2000).

In this way, knowledge of intergroup violence at home or abroad can elevate the salience

of group identity and rekindle previously dormant antagonisms (Kuran 1998; Lobell and

Mauceri 2004). Media enables actors outside of an immediate conflict zone to access in-

formation about the dynamics of ongoing violence. This causes individuals to update their

beliefs and strategic choices regarding an outgroup (Lake and Rothchild 1998). Both domes-

tic and external episodes of intergroup violence therefore can have significant ramifications

for intergroup relations. Exposure to violence— whether direct or indirect—heightens threat,

elevates the salience of ethnic identities, and drives outgroup hostility.

If, as the social psychology and political science literature suggests, there is a causal

chain through which violence exposure elevates levels of perceived threat, activates bound-

aries between groups, and intensifies outgroup hostlity, then any violent event that raises

the salience of sectarian identities in Saudi Arabia should result in an uptick in anti-Shia

hostility among the majority Sunni population. On the one hand, violence against Sunnis—

particularly events that are geographically proximate, shift the regional balance of power in

the Shia’s favor, or produce large numbers of Sunni casualties—may be particularly likely to

drive anti-Shia animosity. However, we would also expect less explicitly threatening events,

which nonetheless draw attention to sectarian divisions, to have a similar e↵ect. For example,

while ISIS terror attacks on Saudi Shia religious sites may not directly pose danger to Saudi

Sunnis, they shine the spotlight on sectarian divisions at home. Indeed, ISIS has stated that

the goal of these attacks is to foment sectarian animosity in order to destabilize the Saudi

monarchy and mobilize followers (Matthiesen 2015). Moreover, popular conspiracy theories

that these attacks were actually perpetrated by Iran and Saudi Shia sympathizers suggest

that this strategy may be quite e↵ective.

Seeking to analyze the systematic e↵ects of these diverse violent events on levels of anti-

Shia hostility, we posit that violence exposure drives sectarian hostility through two distinct

(but often overlapping) channels: elevating threat and highlighting inter-group di↵erences.

We therefore expect to see higher levels of anti-Shia animosity following violent events that

6See Quillian (1995); Sullivan et al. (1981) for a theoretical overview. For observa-
tional and experimental evidence from these diverse cultural contexts see Duckitt and Fisher
(2003); Morrison and Ybarra (2008); Pettigrew (2003); Slone, Shoshani and Baumgarten-
Katz (2008); Beber, Roessler and Scacco (2014).

7



either threaten Sunni interests and/or draw attention to domestic divisions. In particular,

we hypothesize:

H1 Foreign Violence and Mass anti-Shia Hostility: Violent sectarian events

abroad—particularly those that are geographically proximate, shift the regional bal-

ance of power in the Shia’s favor, or produce large numbers of Sunni casualties—will

result in upticks in mass levels of anti-Shia hostility in Saudi Arabia.

H1b Domestic Attacks and Mass Sectarian Hostility: Domestic terror attacks

on Saudi Shia mosques will result in upticks in mass levels of anti-Shia hostility in

Saudi Arabia.

H1a will be confirmed if we see spikes or upward trends in the Saudi public expression

of anti-Shia hostility in the aftermath of foreign episodes of sectarian violence. We expect

that events that are more geographically proximate, pose a greater threat to Sunni regional

interests, or result in higher numbers of casualties will have particularly strong e↵ects. The

hypothesis will be falsified if we see no change in the daily volume of anti-Shia rhetoric, or

if we observe a decrease in the daily volume of anti-Shia rhetoric in the aftermath of foreign

episodes of sectarian violence. Similarly, H1b will be confirmed if we observe an increase in

the the volume of anti-Shia rhetoric in the immediate aftermath or period following domestic

terror attacks on the Saudi Shia minority. The hypothesis will be falsified if we see no change

or if we see a decrease in anti-Shia rhetoric in the aftermath of the attacks.

3.2 Elite Incitement of Intergroup Tensions

In addition to elevating threat and drawing attention to domestic divisions, studies of

ethnic conflict suggest another mechanism by which violent events might impact sectarian

tensions: changing elite incentives to incite intergroup hostility. There is little consensus

in the literature on the degree to which elites play a role in fueling (or tempering) ethnic

conflict (Petersen 2002; Kaufman 2006). However, instrumentalist theories posit that elites

facing challenges to their power may work as ethnic identity entrepreneurs. Namely, they

mobilize ethnic constituencies by ratcheting up intergroup tensions and scapegoating relevant

outgroups (Wilkinson 2006; Blagojevic 2009; Sambanis and Shayo 2013). Violent sectarian

events abroad may serve as particularly fruitful opportunities for elites to incite intergroup

animosity and consolidate support. Downplaying politically inconvenient complexities, elites

can use foreign ethnic conflicts to highlight domestic divisions (Rothschild 1981; Horowitz
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1985). This enables elites to rally their constituents and diverts attention from domestic

troubles (Carment, James and Taydas 2009).

But inciting intergroup tensions may not always serve elites’ best interests. For example,

ISIS attacks on Saudi soil pose a serious threat to the Saudi regime and popular clerics. By

challenging their religious legitimacy, ISIS’ attempts to foment sectarianism may undermine

elites more than it helps them to consolidate power. When the incitement of sectarian

tensions breeds radicalization and support for militant Sunni extremists, it can become a

liability. Faced with domestic terror attacks, elites may find it more e↵ective to use the

threat of radical Islamic terrorism—rather than the incitement of anti-Shia hostility—to

shore up domestic support.7 This logic of shifting elite incentives motivates our second set

of hypotheses:

H2a Foreign Violence and Elite Promotion of Sectarian Hostility: In the

aftermath of sectarian violent events abroad—particularly those that are geographically

proximate, shift the regional balance of power in the Shia’s favor, or produce large

numbers of Sunni casualties—elites will be more likely to instigate and influence the

spread of anti-Shia hostility in Saudi Arabia, relative to non-elite actors.

H2b Domestic Violence and Elite Promotion of Sectarian Hostility: Follow-

ing domestic terror attacks on Shia civilians, elites will be less likely to instigate and

influence the spread of anti-Shia hostility in Saudi Arabia, relative to non-elite actors.

We will find support forH2a if elite actors are more likely to instigate or play an influential

role in spreading anti-Shia rhetoric than non-elite actors in the aftermath of foreign episodes

of sectarian violence. H2a will be falsified if elite actors are not more likely than non-elites

to instigate or influence the spread of anti-Shia rhetoric in the aftermath of these events.

Similarly, we will find support for H2b if elite actors are less likely to initiate or spread anti-

Shia rhetoric relative to non-elites following domestic terror attacks. If we do not observe a

di↵erence between elites and non-elites, or if elites are in fact more likely to instigate or spread

hate speech relative to non-elites, then the hypothesis will be falsified. The expectations of

these hypotheses are summarized in Table 1 below.

7 Rulers in the Arab world frequently use terrorist threats as motivation to repress oppo-
sition and improve their public image (Albrecht and Schlumberger 2004; Kassab 2016). More
generally, studies of nationalism suggest that terror attacks present particularly convenient
opportunities for leaders to rally public support in the face of an external threat (Hutcheson
et al. 2004; Bartolucci 2012; Schildkraut 2002).
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Table 1:

Primary Hypotheses:

Mass Reaction Elite Reaction
to Violent Events to Violent Events

Foreign Episodes H1a Increased Hostility H2a More Incitement of Hostility
of Sectarian Violence relative to pre-event period relative to non-elite actors

ISIS Domestic H1b Increased Hostility H2b Less Incitement of Hostility
Terror Attacks relative to pre-event period relative to non-elite actors

This table summarizes the predicted e↵ects of diverse exogenous violent events on the public expression
of anti-Shia hostility in Saudi Arabia, as well as when elite actors will play an active role in inciting it.
Here “incitement” encompasses both instigation, the extent to which an actor initiates the hostility,
and influence, the degree to which an actor exacerbates its spread.

4 Data and Measurement

In order to test our hypotheses outlined above, we develop measures of anti-Shia hostility

and identify key foreign and domestic episodes of sectarian violence. Subsections 4.1 and

4.2 below provide detailed descriptions of the primary data sources used in our analysis.

Additional detail and descriptive statistics can be found in Appendix A.

4.1 Measuring Anti-Shia Hostility

The first step in our analysis is developing a measure of the public expression of anti-Shia

hostility in Saudi Arabia. We operationalize this concept by measuring the daily number

of tweets containing anti-Shia slurs and the daily number of unique Twitter users sending

these messages. We began with a collection of Arabic tweets containing at least one anti-

Shia derogatory term sent between February and October of 2015.8 Given that scholars of

sectarianism have identified a series of key terms used in the online sphere to dehumanize

and degrade Shia populations (Abdo 2015; Zelin and Smyth 2014), tweets containing these

slurs represent a useful measure of the public expression of anti-Shia hostility. A list and

8These tweets were obtained through Twitter’s streaming API. In total, this collection
included 9,090,697 Arabic tweets.
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explanation of these terms can be found in Section A of the Appendix.

Because we are testing our hypothesis in Saudi Arabia, we filtered our collection to

contain only tweets that were sent by Saudis.9 After removing tweets that were not located

in Saudi Arabia or did not contain location data, we were left with a dataset of 590,719 anti-

Shia tweets sent by 152,581 unique Twitter users.10 While providing location information on

Twitter is relatively uncommon, there is no evidence that accounts containing such metadata

might be systematically di↵erent than other accounts tweeting anti-Shia rhetoric.11

Figure 1 shows the location of all geolocated tweets containing these anti-Shia slurs, before

filtering the collection to contain solely Saudi tweets. While concentrated in the kingdom’s

most populous cities—Riyadh, Jeddah, Mecca, Medina, and Hofuf—tweets from across the

country were captured in the dataset. As of March 2015, an estimated 8 million people

or 41 percent of the Saudi population were on Twitter (Al-Arabiya 2015). This indicates

that the country has the highest Twitter penetration in the world. Furthermore, recent

research suggests that Twitter allows Saudis to (relatively) freely express themselves on

sensitive subjects including religion, politics, gender, and minority rights, with little threat

of sanctions. In particular, Saudi women are quite active on Twitter, viewing the platform

as an unusually open space for public expression (Al-Balawi and Sixsmith 2015). Moreover,

although most Saudi Twitter users are relatively young, two thirds of the Saudi population

is under the age of 30, making Saudi youth a particularly important demographic (Glum

2015). In this way, while Saudi Twitter users do not necessarily constitute a representative

sample, they comprise a large and diverse subset of the overall population.

Figure 2 provides a visual representation of the daily volume of tweets containing anti-

Shia keywords for the period under study. The large spike in anti-Shia tweet volume occurred

9Twitter’s metadata provides several means of determining a user’s location. First, all
tweets sent by Twitter users with enabled location services are geo-tagged with latitude
and longitude coordinates. Secondly, Twitter users may identify their location in the user
location field of their accounts. We included all tweets sent by users who were geolocated
in Saudi Arabia or provided user location metadata indicating they were living in the Saudi
Kingdom.

10One percent of the total tweets contained geolocation metadata, while 30 percent con-
tained location field metadata. 22 percent of the total tweets for which we had user location
metadata available were located in Saudi Arabia.

11For example, Hecht et al. (2011) demonstrate that a user’s country and state can be
determined with decent accuracy, and users often reveal location information with or without
realizing it. As Kulshrestha et al. (2012) and Mislove et al. (2011) argue, because large
numbers of users report their location in the “location” field and in aggregate these reports
are quite accurate, this seems a reasonable (and commonly used) way to determine a user’s
location. This is especially true given that we are more interested in obtaining a high degree
of precision (ensuring that the users are actually Saudi) than recall (obtaining the entire
population of tweets sent from Saudi Arabia.)

11



Figure 1: Geolocated Anti-Shia Tweets

Figure 1 includes all geo-located tweets containing anti-Shia keywords prior to filtering the
collection to include exclusively tweets sent from Saudi Arabia. Only Saudi Arabia and
neighboring countries are shown here. Larger purple dots indicate a higher volume of tweets
sent from a given location. Of geolocated tweets in the dataset, approximately 39 percent
were sent from Saudi Arabia.

directly following the southern advance of Iran-backed Houthi rebels in Yemen, which pre-

ceded the Saudi military intervention in March 2015.12

4.2 Key Violent Events

In order to test our hypotheses regarding the e↵ects of foreign and domestic violent events

on mass levels of anti-Shia hostility—and the role of elites in inciting it—we exploit several

events that occurred during our data collection period. As we describe in detail below, each

foreign event represents a violent turning point in the regional sectarian balance of power in

which Shia actors or allies gained ground. The domestic events were chosen because they

were the only anti-Shia terror attacks in Saudi Arabia to occur in the period under study.

All foreign and domestic violent events are displayed in Table 2 and described in more detail

below.

Firstly, on February 6, 2015, Iran-backed Zaidi Shia Houthi rebels dissolved Yemen’s

12Figure A1 in Section A of the Appendix is a graph of the daily volume of unique users or
the number of Twitter accounts tweeting anti-Shia tweets on a given day, which also shows
a significant surge in response to this event. As Table A2 in Section A of the Appendix
demonstrates, the mean daily volume of anti-Shia tweets is 2287.17, sent by an average of
1715.85 unique users.
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Figure 2: Anti-Shia Daily Saudi Tweet Volume

This plot shows the daily volume (count) of tweets containing anti-Shia keywords that are
either geolocated or contain location field metadata indicating that they were sent from
Saudi Arabia between February and October 2015. The largest spike occurs following the
southern advance of Iran-backed Houthi rebels in Yemen, which preceded the Saudi military
intervention in March 2015.

parliament and seized control of the military and security forces. This o�cial takeover set o↵

alarm bells in neighboring Saudi Arabia, where the government considers the Houthi rebels

a proxy for Iran. The second major event occurred in late March, 2015, when the Houthi

rebels advanced towards Southern Yemen and contested Sunni President Abdel Mansour

Hadi fled the country. The next day, Saudi Arabia and a coalition of nine Sunni Arab allies

began airstrikes, joining a violent struggle to keep Yemen from falling under control of the

Houthi rebels. Finally, on September 30, 2015, Russia began airstrikes in Syria, increasing

the likelihood that Alawite Shia leader Bashar al-Assad would remain in power. Russian

cooperation with Iran in these e↵orts was particularly troubling from a Sunni perspective.

These three events can therefore be viewed as violent turning points in the Yemen and Syria
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Table 2:

Foreign and Domestic Violent Sectarian Events

Date Event Location Event Type

February 6, 2015 Houthi Takeover of Parliament Yemen Foreign

March 25, 2015 Houthi Southern Advance Yemen Foreign

September 29, 2015 Russian Intervention Syria Foreign

May 22, 2015 Shia Mosque Bombing Saudi Arabia Domestic

May 29, 2015 Shia Mosque Bombing Saudi Arabia Domestic

conflicts, which had the potential to shift the regional sectarian balance of power in the

ongoing proxy wars between Iran and the Sunni Arab States. Given that they occurred

outside the kingdom, we argue that each of these events is exogenous to Saudi domestic

levels of anti-Shia hostility. As such, they are ideal opportunities to test the hypothesis H1a

that violent events abroad—particularly those perpetrated by Shia actors and allies—will

cause surges in anti-Shia hostility in the Saudi Twittersphere.

We also exploit two episodes of domestic sectarian violence committed in this period.

On May 22, 2015, ISIS claimed responsibility for an attack on the Shia Imam Ali Ibn Abi

Talib mosque in the village of Qudeih in the Eastern Province. A week later, the province

was again wracked by violence when ISIS attacked a Shia mosque in Dammam. While these

events occurred within the Saudi Kingdom, because they were terror attacks—which are by

nature unexpected—and because they were perpetrated by an extremist group whose views

are not widely accepted in Saudi society, we argue that these domestic terror attacks can

also be considered exogenous to domestic levels of anti-Shia hostility. This enables us to test

our hypothesis H1b that domestic terror attacks on the Saudi Shia minority will also cause

an increase in the public expression of anti-Shia hostility.

5 Empirical Strategies and Results

Relying on the Twitter data and timing of violent events outlined in Section 4, this

section lays out the empirical strategies that we use to test our hypotheses, and also presents
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the results. To test our mass-level hypotheses that both external violent events (H1a) and

domestic terror attacks (H1b) will produce upticks in the public expression of anti-Shia

hostility, we utilize Interrupted Time Series Analysis (ITSA). This approach allows us to

measure the e↵ects of exogenous foreign and domestic episodes of violence on levels of anti-

Shia hostility over time. This empirical strategy and our results are described in Section

5.1. As a robustness check described in detail in Section B of the Appendix, we also use

realtime event data to model the e↵ects of daily levels of violence in Yemen, Iraq, and Syria

perpetrated by Sunni and Shia actors on daily levels of anti-Shia hostility in Saudi Arabia.13

Regarding our elite-level hypotheses, Section 5.2 provides an overview of our use of social

network analysis to measure elite influence in spreading anti-Shia hostility in the aftermath

of foreign (H2a) and domestic (H2b) violent events. Additionally, Section 5.3 outlines how we

exploit the temporal granularity of Twitter data to assess the extent to which elites create

or instigate anti-Shia narratives in the periods directly following violent events.

5.1 Modeling the E↵ects of Violent Events on Anti-Shia Hostility

In order to evaluate the impact of each violent event listed in Table 2 on the daily volume

of anti-Shia hate speech in the Saudi Twittersphere, we conduct Interrupted Time Series

Analysis (ITSA).14 Interrupted time-series analysis is a powerful quasi-experimental design

for assessing the longitudinal impact of an event or intervention. Unlike more traditional

forms of time series analysis, it enables us to measure both the immediate and longer term

e↵ects of each violent event on the volume of anti-Shia hostility, relative to a baseline trend

(Bernal et al. 2013).

We use ITSA to model the e↵ects of foreign and domestic violent events on the public

expression of anti-Shia hostility as follows:

Yt = �0 + �1(T ) + �2(Xt) + �3(XTt) (1)

In Equation 1 above, Yt is volume of anti-Shia tweets measured at each day or time-point t,

13In particular, we use data from the recently released of the Phoenix dataset (Halterman
and Beieler 2015), a near real-time event dataset generated daily using news content scraped
from over 450 news sources worldwide. Results of this analysis are presented in Table A4.

14ITSA is a special case of time series analysis in which we know the specific point in the
series at which an intervention has occurred. This allows us to test the causal hypotheses
that the daily volume of anti-Shia tweets (and number of unique users or individual accounts
tweeting them) will be higher (or lower) in the post-treatment period following each violent
event—relative to an underlying trend.
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T is the time since the start of the study, Xt is a dummy variable representing the key event

(pre-event periods 0, otherwise 1), and XTt is an interaction term. �1 shows the daily trend

in the volume of sectarian tweets leading up to the first event. �2 captures the immediate

e↵ect of the event on tweet volume, and �3 is the change in the daily trend of the volume of

anti-Shia tweets in each post-event period, relative to the pre-event trend. In other words,

segmented regression15 is used to measure immediate changes in the volume of anti-Shia

tweets, as well as longer-term changes in the trend or slope of anti-Shia hostility over time.

The results of this analysis, displayed in Table 3 and Figure 3 below, suggest that both

advances of Houthi rebels in Yemen had large and significant e↵ects on the daily volume

of anti-Shia tweets in the period under study. While the initial uptick in anti-Shia tweets

following the Houthi takeover of Parliament in February (�2) was not significant, it was

followed by a significant positive upward trend, relative to the pre-event trend (�3). This

upward trend continued in the lead-up to a dramatic significant spike in the popularity of

anti-Shia rhetoric in the immediate aftermath of the Houthi southern advance in late March

(�2).

By contrast, Table 3 indicates that in the aftermath of the Russian intervention in Syria

on September 30 2015, the daily volume of tweets containing anti-Shia slurs did not have a

statistically significant e↵ect in the immediate (�2) or longer-term (�3) aftermath. Despite

this, a small jump in the volume of tweets is visible in Figure 3 and Table 3 (�2), suggesting

that the event did have a positive—though statistically insignificant—e↵ect in the imme-

diate aftermath of the event. Syria does not border Saudi Arabia, and the Syrian conflict

has persisted with high levels of sectarian violence for several years. Perhaps the Russian

intervention was not as salient as events in neighboring Yemen, where the kingdom had a

long history of military involvement. Together, these results provide strong empirical sup-

port for our mass-level hypothesis H1a , which predicts that foreign sectarian violent events

will increase mass public expression of anti-Shia hostility.

Turning to the e↵ects of domestic attacks, our results indicate that both ISIS attacks on

Saudi Shia mosques either resulted in a large immediate positive spike in anti-Shia rhetoric—

as was the case following the May 22 attack—or resulted in a significant positive change in

the post-event trend—as occurred in the aftermath of the May 29 mosque attack. This

provides support for our hypothesis H1b, which predicts that domestic terror attacks on Shia

religious targets will highlight sectarian di↵erences and increase the public expression of

anti-Shia hostility. This suggests that even though terror attacks on the Shia minority do

15Segmented regression simply refers to a model with di↵erent intercept and slope coe�-
cients for the pre- and post-intervention time periods.
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not necessarily pose a direct threat to Saudi Sunnis, the targeted violence thrusts intergroup

divisions into the limelight, drawing attention to group boundaries, and driving hostility.

Figure 3: E↵ects of Domestic and Foreign Events on Levels of Anti-Shia Hostility
Interrupted Time Series Analysis

Figure 3 shows the immediate e↵ects of each violent event on anti-Shia tweet volume, (�2

in Equation 1 above). These e↵ects are represented by the jumps or discontinuities that
occur at each dotted line marking a violent event. The positive jumps that occur at each
dotted line in the figure suggest that each event has a positive immediate e↵ect on the total
volume of anti-Shia tweets. However, as Table 3 displays, these e↵ects are only statistically
significant following the second Houthi advance in Yemen in late March and the May 22
Saudi mosque attack. Although we do not observe statistically significant jumps in the
immediate aftermath of the first Houthi advance in Yemen or the May 29 Saudi mosque
bombing, we do observe a positive statistically significant change in the post-event trend,
relative to the pre-event trend. The trend lines in the figure show the pre and post-event
trends in the volume of anti-Shia hostility on either side of each event of interest.
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Table 3: E↵ect of Violent Events on Anti-Shia Hostility: Interrupted Time Series

Anti-Shia Anti-Shia Anti-Shia Anti-Shia
Tweets Unique Users Log Tweets Log Unique Users
Per Day Per Day Per Day Per Day

Pre-Event -775.50⇤⇤ -303.00 -0.37⇤⇤⇤ -0.20
Trend (237.47) (316.54) (0.11) (0.15)

HOUTHI ADVANCE IN YEMEN 1

Immediate E↵ect 550.94 -23.44 0.03 -0.24
of Event (�2) (721.77) (852.98) (0.31) (0.40)

Post-Event 794.01⇤⇤⇤ 311.01 0.39⇤⇤⇤ 0.21
Trend (�3) (237.96) (316.86) (0.11) (0.15)

HOUTHI ADVANCE IN YEMEN 2

Immediate E↵ect 3549.25⇤⇤⇤ 2578.72⇤⇤⇤ 0.75⇤⇤⇤ 0.76⇤⇤⇤

of Event (�2) (986.68) (689.93) (0.18) (0.17)

Post-Event -82.90⇤⇤ -50.67⇤ -0.03⇤⇤⇤ -0.02⇤⇤⇤

Trend (�3) (29.33) (22.23) (0.01) (0.01)

ISIS SHIA MOSQUE ATTACK 1

Immediate E↵ect 2657.33⇤ 1813.94⇤ 0.65⇤⇤ 0.55⇤

of Event (�2) (1074.40) (892.27) (0.21) (0.24)

Post-Event -549.93⇤⇤ -420.91⇤ -0.18⇤⇤⇤ -0.17⇤⇤⇤

Trend (�3) (201.16) (176.40) (0.04) (0.05)

ISIS SHIA MOSQUE ATTACK 2

Immediate E↵ect 1028.39 724.71 0.06 0.00
of Event (�2) (599.19) (516.88) (0.19) (0.20)

Post-Event 614.22⇤⇤ 463.69⇤⇤ 0.19⇤⇤⇤ 0.18⇤⇤⇤

Trend (�3) (200.45) (176.30) (0.04) (0.05)

RUSSIAN INTERVENTION IN SYRIA

Immediate E↵ect 369.06 314.07 0.29 0.33
of Event (�2) (379.21) (274.39) (0.19) (0.19)

Post-Event -14.50 -15.79 -0.01 -0.01
Trend (�3) (23.86) (16.46) (0.01) (0.01)

Baseline Trend 4066.33⇤⇤⇤ 2597.00⇤⇤⇤ 8.51⇤⇤⇤ 7.93⇤⇤⇤

(Constant) (550.68) (734.05) (0.25) (0.35)

N 255 255 255 255
F Statistic F11,243 = 9.97⇤⇤⇤ F11,243 = 10.44 ⇤⇤⇤ F11,243 = 23.20⇤⇤⇤ F11,243 = 21.56⇤⇤⇤

Standard Errors are in parentheses. ⇤ p < 0.05, ⇤⇤ p < 0.01, ⇤⇤⇤ p < 0.001 Model evaluates e↵ects of all five violent events together.
Unique Users refers to the number of individual accounts tweeting on a given day, as opposed to the total daily volume of tweets.
Single-group interrupted time series analysis with Newey-West standard errors. Cumby-Huizinga test finds no serial autocorrelation.

Table 3 shows both the immediate (�2) and longer term (�3) e↵ects of each event on the daily
volume of anti-Shia Saudi tweets. While all five events have positive e↵ects on the daily volume of
anti-Shia tweets, these e↵ects are only statistically significant following the second Houthi advance
in Yemen and the second Saudi mosque attack. Although we do not observe statistically significant
increases (�2) in the immediate aftermath of the first Houthi advance in Yemen or the second
Saudi mosque bombing, we do observe a positive statistically significant change in the post-event
trend, relative to the pre-event trend (�3).
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For all events in the analysis, when the daily number of unique users or the daily number

of individuals tweeting anti-Shia tweets is used as the independent variable, the results are

quite similar. This demonstrates that not only do violent events produce upticks in the

volume of anti-Shia hostility in the Saudi Twittersphere, but the number of people joining

the conversation rises quite significantly as well.16 Taken together, this first set of results

suggests that violent events abroad that are perpetrated by Shia actors or allies, as well

as domestic terror attacks on Shia targets, increase domestic levels of anti-Shia hostility in

Saudi Arabia. These findings confirm our hypotheses that both foreign episodes of sectarian

violence and domestic attacks on Shia religious targets will elevate the salience of intergroup

divisions and drive upticks in hostility.

5.2 Measuring and Modeling Elite Incitement of Hostility

While the results outlined in Section 5.1 suggest that both foreign and domestic violent

events drive the public expression of anti-Shia hostility, what role do elite actors play in this

process? Journalistic reports and qualitative research suggest that members of the royal

family, ultra-conservative Sunni Salafi clerics, state and religious news outlets, and ISIS and

other Sunni extremist groups are all contributing to the proliferation of hostile anti-Shia

narratives in Saudi Arabia (See Wehrey (2015) or Matthiesen (2015), for example). Here we

evaluate the degree to which each of these actors is inciting the upticks in online hostility

that we observe in the aftermath of foreign and domestic episodes of violence. To test our

hypotheses, we are particularly interested in the role of religious and political elites in inciting

hostility, relative to mass and extremist actors.

We operationalize incitement of hostility in two ways: influence and instigation. Measur-

16It is possible, for example, that any increase in the volume of anti-Shia rhetoric is driven
by just a few prolific Twitter users. However, these results suggest that these violent events
also have a direct impact on the number of individuals engaging in such hate speech. As Table
3 suggests, our results are also robust to using the logged values of each of these measures.
We chose to log our independent variable as a robustness check to address outliars in the
data. As a robustness test to ensure that our results are not driven by choosing particular
foreign episodes of violence, in addition to selecting key events from the period under study,
we also conduct analysis in which we use event data to assess the relationship between
daily levels of sectarian violence in Yemen, Iraq and Syria perpetrated by Sunni or Shia
actors and daily levels of anti-Shia hostility in the Saudi Twittersphere over time. This
supplementary analysis and the results are described in detail in Section B of the Appendix.
Supporting our primary results, our robustness analysis suggests that violent episodes in
Yemen—particularly those perpetrated by Shia actors—had a large positive significant e↵ect
on the volume of anti-Shia rhetoric in the Saudi Twittersphere for the entire period under
study. In both Iraq and Syria, while our results were not statistically significant, increases in
the number of violent events perpetrated by Shia actors in Iraq and Syria produced increases
in the volume of anti-Shia hostility in Saudi Arabia.
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ing influence allows us to assess the degree to which actors play a central role in spreading

sectarian narratives, while measuring instigation enables us to measure the extent to which

elites are responsible for initiating or creating anti-Shia narratives in the aftermath of violent

events. In Section 5.2.1, we develop network-based measures of influence (retweet frequency

and retweet reach) and present our results. In Section 5.2.2, we describe our approach to

measuring elite instigation of sectarian hostility and present our findings.

5.2.1 Measuring and Modeling Elite Influence

In order to identify elite actors, we compiled a list of well known Sunni clerics, polit-

ical elites and media outlets. We also identify pro-ISIS accounts to assess their influence

relative to that of elite and mass actors.17 To assess the roles that these elite and extrem-

ist actors play in influencing the spread of anti-Shia hostility, we exploit Twitter’s retweet

network structure.18 Retweet networks demonstrate how Twitter users pass content onto

their followers, which may then be passed on to their followers’ followers and so on. For the

purposes of this study, a user’s “influence” on Twitter can be understood as his or her abil-

ity to spread content and pass information to others. We measure this influence as retweet

frequency, the raw number of times a given user is retweeted, and retweet reach, another

measure of prominence in the network.

In terms of retweet frequency, a user is “influential” in a retweet network if his or her

tweets are retweeted by a large number of Twitter users. Because this measure varies widely

within a given network—with many users not getting retweeted at all—we take the log of

retweet frequency or the log of the total number of times a given user has been retweeted

as our first measure of influence.19 Retweet reach, on the other hand, is a measure of each

user’s proximity to popular or heavily retweeted users in the network.20 A person with high

retweet reach has the potential to spread information much faster in a network since his or

17For a description of how elite and pro-ISIS accounts were identified, see Section C of the
Appendix.

18Each retweet is a one-way flow of information that links an individual to all of the people
who retweet or forward his or her original tweet to their own followers.

19In network analysis terms, retweet frequency is a measure of in-degree centrality—a
common measure of importance in a network (Tremayne 2014; Hanneman and Riddle 2005).
If a node receives many ties in a directed network, then it has high indegree centrality. In
the context of a retweet network, indegree centrality is simply the number of times a Twitter
user is retweeted (Kumar, Morstatter and Liu 2014).

20We measure retweet reach using eigenvector centrality. Eigenvector centrality is normal-
ized from 0 to 1 and is considered a particularly strong centrality measure in social network
analysis because it considers not only the volume of ties (retweets), but also proximity to
other influential nodes in a network (nodes that are retweeted often) (Kumar, Morstatter
and Liu 2014).
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her tweets are more likely to be retweeted by popular users (Anagnostopoulos, Kumar and

Mahdian 2008). Both measures of retweet frequency and retweet reach are illustrated in

more detail in Section E of the Appendix.

To test our hypotheses that elites will be more likely to influence the spread of anti-Shia

hostility relative to non-elite actors in the aftermath of foreign episodes of violence (H2a), and

less likely to do so following domestic terror attacks (H2b), we begin by constructing retweet

networks. In particular, we create retweet networks of anti-Shia tweets sent immediately

following the Houthi advances in Yemen, the Russian intervention in Syria, and the two Saudi

Shia mosque attacks.21 The retweet network in Figure 4 below illustrates elite influence in

spreading anti-Shia hostility in the aftermath of the second Houthi advance in Yemen in

March 2015. While we present more systematic analysis of elite influence in Table 4, this

visualization o↵ers a proof of concept. The network diagram below shows Twitter users

represented by dots of varying sizes or “nodes.” The large nodes representing clerics and

government o�cials in the network (green and purple dots) suggest that they had high

retweet frequency or were quite influential in spreading anti-Shia rhetoric.22

21We look at the 48 hour periods beginning at midnight on the day that the event occurred.
22Interestingly, the relative volume of tweets sent by each type of actor in this period is

not necessarily correlated with their levels of influence. For example, while only six tweets
were sent by government or royal family accounts in the 48 hours following the event, these
accounts were quite influential. By contrast, over 1000 tweets were sent by pro-ISIS accounts
in this period, but none of these accounts were retweeted frequently enough to appear in our
network figure. For plots of the volume of tweets sent by each actor type during the entire
period under study, see Figure A4 in Section D of the Appendix.
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Figure 4: Anti-Shia Retweet Network
Following Houthi Advance in Yemen (March 2015)

This diagram shows a network of retweets sent in the immediate aftermath of the second
Houthi advance in Yemen in March 2015. Node size is determined by retweet frequency or
in-degree centrality, with larger nodes indicating that a user is retweeted more often in the
network. Only accounts tweeted more than 10 times are included in the figure. The layout
is visualized using a Force Directed Layout Algorithm, with more connected nodes appearing
closer to one another. The visualization provides a preliminary picture of the strong degree
of influence that both clerics and royal family members—green and purple dots—had in
spreading anti-Shia rhetoric in the aftermath of the second Houthi advance in Yemen.
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In order to systematically measure the relative influence of elite actors in the aftermath

of each violent event, we conduct OLS regressions with levels of influence in the network as

the outcome variables. Our hypothesis H2a predicts that elites should be more influential—

namely they should have higher levels of retweet frequency and retweet reach relative to

non-elite actors—following each foreign episode of violence. On the other hand, H2b predicts

that elites will be less influential—they will exhibit relatively low levels of retweet frequency

and retweet reach—in the aftermath of domestic terror attacks on Shia targets.

As the results in Table 4 indicate, clerics were particularly influential in the 48 hours

following both Houthi advances in Yemen, and in the aftermath of the pro-Assad Russian

intervention in Syria. Government or royal family accounts were only influential during

the second Houthi advance in Yemen, preceding the Saudi military intervention. Notably,

neither clerics nor government accounts were influential in spreading anti-Shia hostility in

the aftermath of either domestic mosque attack. This suggests that while elites may exploit

external events to spread sectarian enmity, they reign in their sectarian rhetoric in the

aftermath of anti-Shia terror attacks.

By contrast, Saudi religious and sectarian media outlets, which are known for inciting

sectarian tensions across the kingdom, played an influential role in the spread of hate speech

across all five events. In each period, pro-ISIS accounts were less influential relative to other

users in the network. Because ISIS accounts are frequently suspended and reactivated under

di↵erent names, they may not be easily recognized or followed. Additionally, given that ISIS

is an extremist group that is denounced by the vast majority of Saudis, tweets sent by these

accounts are not widely retweeted and are easily drowned out by more popular content in

the Saudi Twittersphere.
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Table 4: Post-Violent Event Elite Network Influence

Houthi Advance 1 Houthi Advance 2 Russian Intervention Mosque Attack 1 Mosque Attack 2

Log Eigen. Log Eigen. Log Eigen. Log Eigen. Log Eigen.
Indegree Centrality Indegree Centrality Indegree Centrality Indegree Centrality Indegree Centrality

Clerics 1.610⇤⇤⇤ 0.043⇤⇤ 2.507⇤⇤⇤ 0.024⇤⇤⇤ 1.226⇤⇤ 0.051 0.180 -0.012 0.622 0.061
(0.429) (0.016) (0.199) (0.006) (0.400) (0.050) (0.426) (0.030) (0.366) (0.034)

Royal Fam./Gov 6.119⇤⇤⇤ 0.989⇤⇤⇤ 0.464 -0.015 0.370 0.057
(0.851) (0.027) (1.083) (0.136) (0.869) (0.062)

ISIS -1.327⇤ -0.018 -0.746 -0.009 -0.452 -0.063 -0.798 -0.030 -0.378 -0.042
(0.631) (0.024) (0.559) (0.017) (1.531) (0.193) (0.505) (0.036) (0.476) (0.045)

State Media -0.841 -0.017 1.526 0.023 1.324 0.010 2.067⇤ 0.166⇤⇤ -0.519 -0.045
(0.794) (0.030) (0.851) (0.027) (0.885) (0.111) (0.869) (0.062) (0.725) (0.068)

Rel./Sec. Media 0.823⇤⇤ -0.020 1.947⇤⇤⇤ 0.031⇤⇤ 1.597⇤⇤⇤ 0.099⇤ 2.214⇤⇤⇤ 0.114⇤⇤⇤ 1.128⇤⇤⇤ 0.081⇤⇤

(0.315) (0.012) (0.311) (0.010) (0.357) (0.045) (0.317) (0.022) (0.300) (0.028)

Constant 1.500⇤⇤⇤ 0.018⇤⇤⇤ 1.273⇤⇤⇤ 0.011⇤⇤⇤ 1.145⇤⇤⇤ 0.065⇤⇤⇤ 1.260⇤⇤⇤ 0.035⇤⇤⇤ 1.116⇤⇤⇤ 0.068⇤⇤⇤

(0.094) (0.004) (0.052) (0.002) (0.063) (0.008) (0.068) (0.005) (0.056) (0.005)

N 411.000 411.000 897.000 897.000 621.000 621.000 529.000 529.000 538.000 538.000

Standard Errors in Parentheses. ⇤ p < 0.05, ⇤⇤ p < 0.01, ⇤⇤⇤ p < 0.001. OLS Regression. N represents unique Twitter users who were retweeted in each network.
Retweet networks were compiled by extracting all retweets in the Anti-Shia tweet collection. They were then filtered to include retweets sent in the two days
following each violent event. Indegree Centrality and Eigenvector Centrality were calculated using the network statistics functions in Gephi network visualization software.
Gaps in the table occur where no elite actors were retweeted in a given network.
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5.2.2 Measuring and Modeling Elite Instigation of Hostility

This section presents our final analysis, which assesses when elites are likely to instigate

or create sectarian narratives in the aftermath of violent events, relative to non-elite actors.

Measuring the timing associated with elites’ actions can improve our understanding of their

role in inciting hostility. Studies of early adopters and trendsetters suggest that these individ-

uals play a key role in spreading ideas through social networks (Samaddar and Okada 2008;

Saez-Trumper 2013). Borrowing on these studies, we operationalize instigators of anti-Shia

hostility as those Twitter users that begin tweeting derogatory anti-Shia language before a

critical mass of users join the conversation.

To look at these e↵ects systematically, we conduct logit models measuring the probability

that a given user tweets before the first observable peak in the number of individual accounts

tweeting anti-Shia rhetoric in the aftermath of a violent event.23 As Table 5 demonstrates, we

find that ISIS and religious media accounts both tweet hostile anti-Shia messages relatively

early in the aftermath of all violent events. Although ISIS accounts tweet frequently and

immediately in the aftermath of violent events, our analysis in section 5.2.1 suggests that

their tweets are not driving the post-event spikes in mass hostility that we observe in the

Saudi Twittersphere.

Clerics also join the conversation early in the aftermath of foreign events, but notably

tend to tweet later following anti-Shia mosque attacks. This provides preliminary evidence

supporting our hypothesis that Saudi elites may be less inclined instigate anti-Shia rhetoric in

the aftermath of terror attacks that threaten to undermine their power or religious legitimacy.

Interestingly, government o�cials and state media never initiate the spread of anti-Shia

hostility. While these actors play an influential role in the spread of hatred, they appear

to capitalize on existing narratives in the Twittersphere, rather than directly instigating

hostility.

23Mathematically speaking, this “peak” is the first local maximum in a time-series plot of
the number of unique users tweeting anti-Shia rhetoric following a violent event.
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Table 5: Timing of Elite Anti-Shia Tweets in the Aftermath of Violent Events

Houthi Advance 1 Houthi Advance 2 Russian Intervention Mosque Attack 1 Mosque Attack 2
Pre-Peak Odds Pre-Peak Odds Pre-Peak Odds Pre-Peak Odds Pre-Peak Odds

Clerics 4.355*** 1.641* 0.357* 0.859 0.507
(1.867) (0.404) (0.178) (0.629) (0.303)

Royal Family/Gov 0 0 0 0 0

ISIS 6.028*** 5.347*** 1.223 0.570*** 0.986
(0.625) (0.335) (0.281) (0.060) (0.072)

State Media 1.251 1.276 1.887
(1.374) (0.777) (1.051)

Religious Media 7.470*** 2.574*** 1.221 0.870 1.492
(2.046) (0.571) (0.444) (0.521) (0.565)

N 11509 34386 6079 12634 13596

Logistic regression assessing the odds that a given actor tweets before the first post-event peak in tweets expressing anti-Shia hostility.
Exponentiated coe�cients. Standard Errors in Parentheses. ⇤ p < 0.05, ⇤⇤ p < 0.01, ⇤⇤⇤ p < 0.001.
Logit Model. Odds are equal to 0 when failure is perfectly predicted or all of an actor’s tweets occur after peak adoption.
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6 Discussion and Conclusions

By using real-time networked data to analyze how diverse episodes of sectarian violence

a↵ect mass levels of anti-Shia hostility and elite incentives to incite it, this study provides

novel insights into the mechanisms by which sectarian animosity arises and spreads. In

particular, our analysis provides strong support for our first hypothesis that episodes of

sectarian violence abroad—particularly those that are geographically proximate, shift the

regional balance of power in the Shia’s favor, or produce large numbers of Sunni casualties—

increase the public expression of anti-Shia hostility in Saudi Arabia (H1a). Our results

demonstrate that both advances of Iran-backed Houthi rebels in Yemen caused significant

upticks in the volume of anti-Shia tweets in the Saudi Twittersphere, as well as the number

of individual users tweeting them. Furthermore, the Russian intervention in Syria, also

resulted in a positive—though statistically insignificant—increase in the volume of anti-Shia

hostility. By directly testing the impact of violent events on levels of hostility in real time,

our findings o↵er new empirical support for social psychological theories emphasizing the

relationship between violence exposure, threat perception, and intergroup hostility.

Also confirming our expectations, both ISIS attacks on Saudi Shia mosques resulted

in significant upticks in the popularity of anti-Shia rhetoric. As past studies suggest, terror

attacks targeting ethnic or religious groups are designed to heighten the salience of communal

identity (Byman 1998). By intensifying divisions and generating fear of reprisals, extremists

can foment instability and mobilize supporters (Boyle 2010). This finding also suggests that

while perceived threat is undoubtedly an important driver of intergroup tension, simply using

violence to draw attention to group divisions may be su�cient to increase group polarization

and hostility.

Secondly, measures of elite incitement of hostility suggest that Saudi clerics and religious

media outlets played a key role in both instigating and spreading anti-Shia rhetoric in the

aftermath of violent sectarian events in Yemen and, to a lesser degree, Syria. While govern-

ment o�cials, royal family members, and state media accounts did not instigate sectarian

hostility online in the aftermath of violent events, they were retweeted at high rates by im-

portant Twitter users and nonetheless influenced its spread. In the aftermath of anti-Shia

terror attacks, on the other hand, clerics and political elites were significantly less likely to

either instigate or spread hostility. Additionally, although they tweeted frequently and im-

mediately aftermath of each violent event, pro-ISIS accounts were not influential in driving

upticks of hostility in these periods.

In line with our hypotheses that elites will incite sectarian hostility in the aftermath of
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foreign episodes of sectarian violence, but will be less likely to do so following domestic terror

attacks (H2a and H2b), these findings suggest that elites are walking a fine line between mo-

bilizing and demobilizing sectarian tensions. On the one hand, foreign episodes of sectarian

violence provide a convenient opportunity to highlight religious divisions, shore up support

from the majority Sunni population, and distract constituents from domestic concerns. On

the other hand, ISIS’ sectarian attacks pose a serious threat to Saudi political elites and cler-

ics by undermining their religious legitimacy and threatening to radicalize Saudi citizens. As

a result, elites tend to incite sectarian rhetoric when violence is occurring miles away, but

scale back their anti-Shia rhetoric when it hits too close to home. However, the spikes in

mass hostility following mosque attacks suggest that once sectarian hatreds are out of the

bag, they can be hard to contain. While elite actors and pro-ISIS accounts did not play an

influential role in the spread of anti-Shia rhetoric following mosque attacks, media outlets

and average citizens still caused significant upticks in hostility.

It is worth noting, that without the advent of digital data, it would be nearly impossible

to obtain any measures of public sentiment on such a politically sensitive issue in Saudi

Arabia or other states tightly controlled by repressive governments. Furthermore, without

this temporally granular data, there would be no systematic way to evaluate how sectarian

sentiment or public expression of anti-Shia hostility changes over time in response to events

on the ground. Additionally, no other data sources—to our knowledge—would allow for

observation of elite, extremist, and mass behavior on the same platform, facilitating novel

real-time tests of elite and extremist incitement of hostility.

Although the volume of tweets containing anti-Shia slurs might appear to have few conse-

quences for o✏ine behavior, decades of social science literature and recent events in the Arab

World highlight its importance for understanding events on the ground. A diverse body of

research suggests that while hate speech is one of many factors that interacts to mobilize

ethnic conflict, it plays a unique role in intensifying feelings of hate in mass publics (Voll-

hardt et al. 2007). Recognizing the importance of online hate speech in predicting outbreaks

of violence globally, new tools to classify online hate speech have been recently developed.

Crowd sourced databases of multilingual hate speech are being used by governments, pol-

icy makers, and NGOs detect early warning signs of political instability, violence, and even

genocide (Gagliardone 2014; Tuckwood 2014; Gitari et al. 2015).

In the Arab World today, sectarian hate speech is also playing a noteworthy role in re-

cruitment e↵orts by extremist groups. For example, as unprecedented numbers of foreign

fighters travel to Iraq and Syria to join the Islamic State, western and Arab governments

have become particularly concerned with the power of online narratives and tools that have
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facilitated recruitment on such a large scale. While often neglected by policy makers, anti-

Shia hate speech is an important component in this process. In addition to using sectarian

appeals in its online and o✏ine messaging campaigns, ISIS attacks on Shia religious sites in

the Saudi kingdom are part of an explicit strategy to raise sectarian tensions, destabilize the

Saudi regime, and expand regional influence (Matthiesen 2015; Gerges 2014; Smith 2015).

The goal of attacking Shia civilian targets is to fuel sectarian tension, militarize Shia popu-

lations, and push them toward Iran. This is designed to deepen Shia distrust of Sunni rulers,

exacerbate the divide between Shia and Sunni populations, and ultimately drive more Sunnis

to support the Islamic State. The recent formation of popular mobilization militias in the

Eastern Province of Saudi Arabia to defend Shia populations demonstrates the real-world

consequences of this threat (Zelin and Smyth 2014).

The results of this paper provide disturbing preliminary evidence that the Islamic State’s

campaign to incite sectarian tension in the Gulf States through anti-Shia terror attacks

may be e↵ective. Even without significant elite incitement or direct influence from pro-ISIS

accounts, in the current sectarian climate such attacks significantly raised levels of hostility

in the online sphere. In light of the Saudi government’s feeble reaction to ISIS attacks on

Saudi Shia mosques in May 2015, the recent upsurge in arrests and death sentences of Saudi

Shia activists, and the formation of Saudi Shia militia groups, the consequences of sectarian

hostility have become increasingly tangible (Amnesty 2015; McDowel 2015). When rhetoric

that was once the purview of extremist actors is used by both mainstream elites and average

citizens, extremist narratives gain more credence and support. In this context, by using

innovative data and empirical strategies to provide real-time measures of shifting public

expression of anti-Shia hostility and elite incitement, this paper o↵ers new insights into a

dangerous source of violent extremism that has serious consequences not only for Saudi

domestic politics, but for global security more broadly.
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Appendix

A Twitter Data Collection and Descriptive Statistics

This section contains additional information on how tweets were collected and provides

descriptive statistics and plots of tweet volume over time. Table A1 below provides a list of

the terms used to collect tweets.

Table A1: Anti-Shia Slurs

These keywords were used to filter the initial Twitter dataset to include tweets that
contained at least one derogatory reference to the Shia population.

In the years following the escalation of the Syrian civil war, six main slurs have frequently

been used to disparage Shia Muslims (Abdo 2015; Zelin and Smyth 2014): “Rejectionist”

(Rafidha), “Party of the Devil”(Hizb al-Shaytan), “Party of Lat” (Hizb al-Laat), “Majus”,

“Followers of Nusayr” (Nusayri), and“Safavid” (Safawi). “Rejectionist” refers to Twelver

Shiites, the largest of the Shia sects, and implies that they have rejected “true” Islam as

they allegedly do not recognize Abu Bakr and his successors as having been legitimate rulers

after the death of the Prophet Mohammad. “Party of the Devil” and “Party of Laat” are

both used in reference to Hezbollah and its Shia followers. “Laat” alludes to the pre-Islamic

Arabian goddess al-Laat, who was believed to be a daughter of God. This brands Hezbollah

and its supporters as a group of polytheist non-believers. “Majus” is a derogatory term that

references Zoroastrianism, implying that Shia Islam is nothing more than a deviant religion

of the past. “Nusrayri” or “Followers of Nusayr” is a reference to Abu Shuayb Muhammad

Ibn Nusayr, the founder of the Alawite o↵shoot of Shia Islam during the eighth century. It
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implies that the Alawite religion is not divinely inspired as it follows a man, rather than

God. Finally, “Safawi,” which recalls the Safavid dynasty that ruled Persia from 1501 to

1736, is used to depict Shia ties to Iran. Sometimes the term is also used as a neologism of

“Sahiyyu-Safawi” (Zionist-Safawi) to suggest that there is a conspiracy between Israel and

Iran against Sunni Muslims.

Table A2: Daily Anti-Shia Tweet Volume
February-October 2015
Summary Statistics

Variable Mean Std. Dev. Min. Max. N

Anti-Shia Daily Tweet Volume 2287.17 1784.04 81 17523 255

Anti-Shia Daily Unique User Volume 1715.85 1322.68 75 12216 255

Descriptive statistics of the daily volume (count) of tweets containing anti-Shia
keywords that are either geolocated or contain location field metadata indicating
that they were sent from Saudi Arabia between February and October 2015.
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Figure A1: Anti-Shia and Daily Tweet Volume
Unique Saudi Twitter Users

This plot shows the daily volume (count) of unique users or individual accounts tweeting
messages containing anti-Shia keywords that are either geolocated or contain location field
metadata indicating that they were sent from Saudi Arabia between February and October
2015.
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B Robustness Check: Fluctuations in Violence over Time

In addition to measuring the e↵ects of key events on the public expression of anti-Shia

hostility, we also assess the impact of daily levels of sectarian violence in Yemen, Iraq, and

Syria. In particular, we investigate how fluctuations in the intensity of ongoing sectarian

violence impact levels of hostility over time. Because this analysis is not dependent on our

choosing of particular violent events, but rather relies on general fluctuations in violence over

several months, it serves as a usual robustness check of our first mass-level hypothesis (H1a),

which predicts that violent events abroad will cause increased public expression of anti-Shia

hostility in Saudi Arabia.

To measure daily levels of sectarian violence in Yemen, Iraq, and Syria, we rely on data

from the Phoenix event dataset (Halterman and Beieler 2015). The Phoenix dataset is a new,

near real-time event dataset created using the recently designed event data coding software,

PETRARCH. It is generated from news content scraped 450 English language international

news sources, which is run through a processing pipeline that produces coded event data as

a final output. Each event is coded along multiple dimensions, including source and target

actors and event type and location. We filtered the Phoenix event data into several smaller

datasets in order assess the e↵ects of diverse types of ongoing violence. These include violent

events in Yemen, Iraq, and Syria perpetrated by Sunni actors; violent events in Yemen, Iraq,

and Syria perpetrated by Shia actors; and violence carried out by ISIS.24 Table A3 and

Figures A2 and A3 below provide summary statistics of this data.

24Events were determined to be violent if they involved “material conflict” as defined
by the Conflict and Mediation Event Observation (CAMEO) data-coding scheme (Schrodt
et al. 2008). This includes physical acts of a conflictual nature, including armed attacks,
destruction of property, and assassinations. Sectarian actors are those that are explicitly
labeled in the Phoenix database as Sunni or Shia from the text or transcript of the media, or
those that have an obvious sectarian a�liation. For example, Shia militias in Iraq, Bashar
al-Assad, and Hezbollah, and the Houthi Rebels in Yemen are labeled as Shia actors, whereas
the Free Syrian Army and other Sunni rebel groups are labeled as Sunni actors.
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Table A3: Daily Violent Sectarian Event Volume
Summary Statistics

Variable Mean Std. Dev. Min. Max. N

Yemen Perpetrated by Shia 3.53 4.2 0 20 266
Daily Events

Yemen Perpetrated by Sunni 11.5 9.98 0 52 266
Daily Events

Iraq Perpetrated by Shia 8.95 7.36 0 36 266
Daily Events

Iraq Perpetrated by Sunni 1.7 2.06 0 12 266
Daily Events

Syria Perpetrated by Shia 22.85 27.4 0 150 266
Daily Events

Syria Perpetrated by Sunni 3.17 3.75 0 24 266
Daily Events

Perpetrated by ISIS 25.21 13.78 0 72 266
Daily Events

Descriptive statistics of the daily volume (count) of violent events from the Phoenix Data Project.
Events are filtered according to the sectarian a�liation of actors involved as well as location
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Figure A2: Phoenix Event Data: Daily Volume of Violent Events Perpetrated by Sunni or
Shia Actors

in Yemen, Iraq and Syria
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Phoenix Event Data: Daily Volume of Violent Events Perpetrated by Sunni or Shia Actors
in Yemen, Iraq and Syria (Continued)
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Phoenix Event Data: Daily Volume of Violent Events Perpetrated by Sunni or Shia Actors
in Yemen, Iraq and Syria (Continued)

43



Figure A3: Phoenix Event Data: Daily Volume of Violent Events Perpetrated by ISIS
in Yemen, Iraq and Syria
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In order to test the relationship between daily levels of sectarian violence in Yemen, Iraq

and Syria and daily levels of anti-Shia hostility, we rely on an Autoregressive Distributed

Lag Model (ADL). ADL models are particularly valuable vehicles for testing for the presence

of long-run relationships between time-series variables as they are both flexible and parsi-

monious. In this case, the dependent variable Yt is the daily volume of anti-Shia tweets at

time t. The independent variables Xt are the daily volume of violent events perpetrated by

Shia actors, the daily volume of violent events that are perpetrated by Sunni actors, and the

daily volume of events perpetrated by ISIS at time t.

Yt = �0 + �1Yt�1 + ...+ �pYt�p + �1Xt�1 + ...+ �rXt�r + ut (2)

Here Yt and Xt are stationary variables.25 p represents lags of Y, r represents lags of X, and

ut is the error term.26

Presenting the results of the ADL model, Table A4 shows the e↵ects of the daily volume

of sectarian events in Yemen, Iraq, and Syria on the daily volume of anti-Shia tweets in

the Saudi Twittersphere. The coe�cients of interest are in the top section of this table,

which show the e↵ects of increased levels of violence (perpetrated by Sunni, Shia, or ISIS

actors in Yemen, Iraq, or Syria) on the volume of tweets containing anti-Shia rhetoric (or the

number of users tweeting such content).27 In Yemen, both increased violence by Shia actors

and increased violence by Sunni actors had a positive and significant e↵ect on the overall

volume and number of users expressing anti-Shia hostility in the Saudi Twittersphere. By

contrast, in both Iraq and Syria increased violence perpetrated Shia groups was correlated

with an increase in anti-Shia rhetoric, while increased violence by Sunni groups tended to

be correlated with a decrease in anti-Shia rhetoric. Additionally, upticks in ISIS-perpetrated

violence in Yemen, Iraq, and Syria, were all correlated with a decrease in anti-Shia rhetoric.

While only the e↵ects in Yemen were significant, all of these results provide preliminary

evidence of an interesting pattern. When Shia actors are perpetrating violence, we see in-

creased anti-Shia rhetoric as our hypothesis predicts. When more extreme Sunni actors are

25 In order to determine this, we use an augmented Dickey-Fuller test. For each indepen-
dent and dependent variable we reject the null hypothesis that the variable contains a unit
root, demonstrating that the variable was generated by a stationary process.

26 Lags are chosen to minimize the Akaike Information Criterion (AIC). We model this
relationship using anti-Shia daily tweet volume, the daily volume of unique users or individual
accounts tweeting anti-Shia content, and the logs of both of these values. Each model
contains 7 independent variables: events in Yemen perpetrated by Shia and Sunni actors,
events in Iraq perpetrated by Shia and Sunni actors, events in Syria perpetrated by Sunni
and Shia actors, and events perpetrated by ISIS.

27The coe�cients in the bottom section of the table just show the lagged values of the
dependent variable and are not substantively important.
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perpetrating violence—namely ISIS and various armed Sunni groups fighting in Iraq and

Syria—we do not observe an increase in sectarian rhetoric. However, when more main-

stream Sunni actors are involved in perpetrating violence—as occurred during the Saudi-led

intervention of Sunni Arab states in Yemen—we observe increased anti-Shia hostility. This

suggests that violent events abroad drive anti-Shia hostility when Shia actors or mainstream

Sunni actors are perpetrating violence. However, when more extreme Sunni actors perpe-

trate sectarian violence, sectarian narratives are less popular—perhaps suggesting that the

majority of Sunni Saudi citizens may want to distance themselves from more extreme groups.

As in all previous analyses, the e↵ects remain the same when the total number of unique

users or the number of individual accounts tweeting anti-Shia rhetoric is used as the de-

pendent variable. Similarly, all results are robust to using the logged values of daily tweet

volume.

Taken together, these findings further support our mass-level hypothesis (H1a), which pre-

dicts that violent events—particularly those that are perpetrated by Shia actors, threaten

Sunni regional dominance, or result in high numbers of Sunni casualties—will increase do-

mestic levels of anti-Shia hostility.
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Table A4: E↵ect of Fluctuations in Violence in Yemen, Iraq, and Syria on Saudi Anti-Shia Hostility
Autoregressive Distributed Lag Model

Anti-Shia Anti-Shia Anti-Shia Anti-Shia
Tweets Unique Users Log Tweets Log Unique Users
Per Day Per Day Per Day Per Day

Yemen Events Perpetrated by Shia Actors 70.862⇤⇤ 56.902⇤⇤ 0.016+ 0.018⇤

Daily Events (25.254) (18.714) (0.009) (0.008)

Yemen Events Perpetrated by Sunni Actors 20.846+ 16.719⇤ 0.005 0.005
Daily Events (11.201) (8.301) (0.004) (0.004)

Iraq Events Perpetrated by Shia Actors 6.130 5.121 0.002 0.002
Daily Events (12.528) (9.273) (0.004) (0.004)

Iraq Events Perpetrated by Sunni Actors -8.229 -8.241 0.011 0.010
Daily Events (44.446) (32.899) (0.015) (0.015)

Syria Events Perpetrated by Shia Actors 0.412 0.387 0.001 0.001
Daily Events (3.481) (2.580) (0.001) (0.001)

Syria Events Perpetrated by Sunni Actors -1.092 -0.900 -0.003 -0.003
Daily Events (25.274) (18.711) (0.009) (0.008)

Events Perpetrated by ISIS -5.055 -1.824 -0.001 -0.000
Daily Events (6.881) (5.081) (0.002) (0.002)

Lagged Dependent Variables

Anti Shia Lagged Daily Tweets 0.590⇤⇤⇤

(0.052)
Anti-Shia Daily Unique Users 0.470⇤⇤⇤

(0.057)
Log Anti-Shia Lagged Daily Tweets 0.657⇤⇤⇤

(0.055)
Log Anti-Shia Lagged Daily Unique Users 0.654⇤⇤⇤

(0.054)

Constant 758.849⇤⇤ 517.644⇤ 2.427⇤⇤⇤ 2.321⇤⇤⇤

(277.362) (204.883) (0.411) (0.388)

N 251 251 251 251

Standard Errors are in parentheses. ⇤ p < 0.05, ⇤⇤ p < 0.01, ⇤⇤⇤ p < 0.001
The optimal number of lags are chosen based on the AIC and BIC.
Measures the e↵ects of sectarian violence perpetrated by Sunni, Shia, and ISIS actors in Iraq and Syria on the daily volume
of tweets containing anti-Shia or non-derogatory Shia identity keywords, as well as the daily number of unique users tweeting them
Dickey Fuller Test shows that all variables are stationary.
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C Identifying Elite Actors

We began compiling this list by manually searching the most popular Twitter accounts in

Saudi Arabia for well-known actors. This was done using the Social Backers platform, which

lists accounts with the most followers by country.28 We also searched Twitter for accounts

that contained keywords related to religion, government, and media and manually filtered

them to identify other well-known Saudi elites that might be less popular online.

To identify pro-ISIS accounts in the networks, we first relied on a dataset of suspected

ISIS accounts that have been identified by Anonymous. Anonymous is a loosely associated

international network of online activists and “hacktivists” that has been publicly identifying

suspected ISIS accounts since March 16, 2015. This constantly growing collection of ISIS-

sympathizer accounts at the time of this analysis contained 16,364 accounts, 8,330 of which

were still active, that have produced over 12 million tweets. Most of these accounts were

created quite recently and the most common location listed on these accounts is “Islamic

State,” further suggesting that these are in fact ISIS-a�liated accounts. Additionally, upon

reading through a random sample of 1000 tweets from these accounts, we found that approx-

imately 1/3 of the tweets in the sample express explicitly pro-ISIS positions or statements,

and about 40 percent contain religious rhetoric including Quran verses and links to religious

websites. As a second means of identifying pro-ISIS accounts, we compiled all users in the

unfiltered dataset of anti-Shia tweets that had tweeted a message containing a pro-ISIS term.

The keywords used to reference ISIS in tweets can provide important information regarding

a user’s attitude toward the organization. For example, according to a recent report by the

Qatari Research Institute (Magdy, Darwish and Weber 2015), using the derogatory Arabic

acronym “Daesh” to describe ISIS predicts anti-ISIS sentiment with 77.3 percent accuracy,

while using the organization’s o�cial name, the Arabic words for “Islamic State,” predicts

pro-ISIS sentiment of the tweet with 93.1 percent accuracy.

The following two tables (A5 and A6) show the keywords and screen names used to

identify elite actors and ISIS supporters in our retweet networks.

28http://www.socialbakers.com/statistics/twitter/profiles/saudi-arabia/
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Table A5: Pro and Anti ISIS Keywords

These keywords are used to determine from user’s metadata and tweet content whether or
not they are ISIS sympathizers.
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Table A6: Twitter Handles of Elites Used in Network Analysis
(Table Continued on Subsequent Pages)

Sunni	Clerics Saudi	Politicians Saudi	State	News	Outlets Religious/Sectarian	News	Outlets
7usaini abdulrahman 11ksanews aalhosini
95elHammoud abo_z 1ksanews1 abo_asseel
a_alahmaad AdelAljubeir 1saudies abo_Khalid_03
AbdazizAlsheikh adelmfakeih 20_tamimi Abo_Osamh_
abdulazizatiyah Alkhedheiri 3ajel_ksa abusaeedansari
Abdulazizfawzan Alwaleed_Talal 3alyoum ahlalsunna2
Abdullah_juhany ammarbogis aacc3666 albreik_tv
aboazam94 AzzamAlDakhil abdulazizatiyah AlBurhan_ch
abobkerdogim dr_khalidalsaud abdullah_alweet alfaifawi_a
aboo_saif_1 HHMansoor abutalah11 alfaqeeh1400
abosafar1 housinggovsa ahmnetnews alsaber_net_1
AdnanAlarour HRHPFAISAL1 ahsaweb AntiShubohat
ahmad_alaseer HRHPMohammed ajlnews Asowayan
ahmad_alaseer HRHPSBS Akhbaar24 belhq
ahmadalbouali imodattorney Akhbaraajlah Call_of_islam
al_aggr4u islamicommapart akhbaralmamlaka ddsunnah
al_magamsi Khaled_Alaraj Al_Jazirah E3islam
Al3uny KingSalman al_maydan ibr1388
albouti KSAMOFA alahwaz_TV iran_risks
aledaat malkassabi AlArabiya IslamiAffairs
alheweny mcs_gov_sa AlArabiya_Brk islamioon
alial5ther mohe_Mobile AlArabiya_KSA islamstory_ar
Aljudi1 mohe_sa AlArabiya_Maqal IslamToday
Alkareemiy MojKsa alarabiya_rpt MamdohHarbi
allohaydan mol_ksa AlArabiya_shows muslim2day
almonajjid mualosaimi aldiyaronline muslimssnews
almuaiqly nayef_V_S_7 alekhbariyatv OmawiLive
alobeikan1 rajaallhalsolam alelwynews Qoraishnews
alqaradawy rashedfff15 AlHadath Quran_ksu
alqasimcom sanggovsa alhamazani_s safa_tv
AlSa7wa SaudiCM Alhayat_Gulf Safa_Tv_Support
AlsalamBilal SaudiMOH alhayat_ksa Suna_lraq1
anasbabsbaa saudimomra alhayatdaily sunaayemen
awadalqarni ShuraCouncil_SA AlmajdNewsTV SUNNAAFFAIRS
azizfrhaan skateb almol7em T_Abuali
Bader_AlKhalili tfrabiah almowatennet umahnews
Bin_Bayyah almutair_news voies0
binbazorg alomary2008 wesal_program
binothaimeen alowinfahad wesal_rsd
Binothaymeen alraaynews Wesal_TV
Daeislam alsaleeh yahtadon
DAhmadq84 alshpeer511
Dr_A_Hassoun alShrqNews
dr_ahmad_farid AlwatanSA
dr_alghfaily alweeamnews
Dr_almosleh alyaum
Dr_almuhalhel AlyaumOpEd
dr_almuqbil an7a_com
Dr_alqarnee AnaJEDDAWI
dr_alraies anbacom
dr_alraies bader_alamer
Dr_alsudays bdr9090
dr_alzobaydi Closely818
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Sunni	Clerics Saudi	Politicians Saudi	State	News	Outlets Religious/Sectarian	News	Outlets
dr_Balgasem DalwahNet
Dr_omaralomar DasmanNewsCom
Dr_sudais DeirEzzor24
DrAhmadAlbatli elakhbar_saudi
dralabdullatif ElwatanNews
DrAlaql emad_AlMudaifar
DrAsiry fahad_alfarraj
drassagheer First1Saudi
Drbakkar Hail_Now_
drhabeebm haratna_news
DrMohamadYousri hassacomnews
DrNabulsiRateb HewarAlmajd
Drsalehs hona_agency
elhanbly HusainAlfarraj
elmasrw JawalWatani
FaisalAbuthnain jawlanews
falih_448 Jazera_network
farookalduferi jubail4news
FrhanFaleh khamisnews
Fwaeed_Alfawzan ksa_Brk24
Ghazzawi_1428 KSA_Press
H_alsheikh ksa4news
hadochi2013 KSASociety
hamam_said ma573573
hanan_hao makkahnews1
HazemSalahTW marsdnews24
IbnJebreen masdar_saudi
Ibrahim_aldwish Mawtenalakhbar
ibrahim_alfares MBC24News
JMJALMutawa mejhar_news
kaldoijy mekarsh
KareemRajeeh mh_1r
khald_aljulyel moh_alkanaan
khald_alrashed mr000079
KhaledAlRaashed msdar_ksa
KhaledGezar MSDAR_NEWS
Khalid_aljulyel mzmznet
KhalidAbdullah_ NaeemTamimalhak
MaherAlMueaqly Nayef_Alotibi
mh_awadi News_Al_Ahsa
mh_awadi News_Ejazah
MhmdAlissa News_Sa24
mishari_alafasy NewsharbKsa
MohamadAlarefe NowSaudi
mohamadalsaidi1 OKAZ_online
mohammedalisabo OKAZMT3B
MohdAlHusini qbasnews
mohmdalfarraj qitharah
MohsenAlAwajy rafhanewss
Muhajjid rashidokaz
muhammadhabash Riy_ads
NabilAlawadhy SA_ALHENAKI
naseralomar Sa3oudiNews
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Sunni	Clerics Saudi	Politicians Saudi	State	News	Outlets Religious/Sectarian	News	Outlets
nasseralfahad0 Sabqo
nasseralqtami saudfozan1
NfaeesAlelm Saudi_24
omaralrahmon83 saudi_3ajil
osaosa20000 saudi_press_
rabee_almadkhli saudia_press
Real_Moh_Hassan SaudiNews_KSA
reyadalsalheen SaudiNews24
rokaya_mohareb_ SaudiNews50
Rslancom saudiopinion
saadalbreik SaudishNews
salamaawy sawalief
Saldurihim sharq_news
salemalrafei sukinameshekhis
SalemAltawelfa talsaady
salman_alodah tarabahnet
saudAlfunaysan Tmm24org
saudAlfunaysan tonl9
SfHegazy topnews_ksa
sh_barrak TopSaudiNews
shafi_ajmii TRTalarabiya
Shaikh_alQattan twasulnews
Shaykhabulhuda waalaa13511
sheikhahmedalkh wasel_news
ShSariaAlrefai wateen_news
solimanalwan yahyaalameer
SRawaea
T_AbuSalman
tv_alatig
wathakker
yaqob_com
yusufalahmed
zedniy
zedniy
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D Elite Actors Descriptive Statistics and Plots

Because elites or extremist Twitter accounts might not have provided location informa-

tion indicating that they are located in Saudi Arabia, but may still be retweeted by our Saudi

users, we also develop an elite dataset, which contains 3,723 anti-Shia tweets sent by clerics,

118 sent by government o�cials or royal family members, 102,719 tweets sent by pro-ISIS

accounts, 5,588 sent by religious news outlets, and 1,173 sent by state news outlets. Inter-

estingly, although pro-ISIS accounts were responsible for producing a large number of tweets

in the period under study, as Figure A4 suggests, spikes in anti-Shia tweets from pro-ISIS

accounts do not appear to drive overall fluctuations in Saudi anti-Shia rhetoric. By contrast,

while Saudi clerics do not tweet nearly as often as pro-ISIS users , the distribution of their

tweets is quite similar to the overall pattern in the Saudi Twittersphere. In particular, both

the overall distribution and the distribution of cleric account tweet volume contains a large

spike in late March following the second Houthi advance in Yemen. By contrast, the pro-ISIS

account activity peaks in mid April during a series of ISIS losses to Shia militias in Iraq.
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Figure A4: Daily Volume of Anti-Shia Tweets
From Saudi “Tweeps” Elite Accounts, and Pro-ISIS Accounts
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Daily Volume of Anti-Shia Tweets
From Saudi “Tweeps” Elite Accounts, and Pro-ISIS Accounts (Continued)
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Daily Volume of Anti-Shia Tweets
From Saudi “Tweeps” Elite Accounts, and Pro-ISIS Accounts (Continued)
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Daily Volume of Anti-Shia Tweets
From Saudi “Tweeps” Elite Accounts, and Pro-ISIS Accounts (Continued)
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Daily Volume of Anti-Shia Tweets
From Saudi “Tweeps” Elite Accounts, and Pro-ISIS Accounts (Continued)
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Daily Volume of Anti-Shia Tweets
From Saudi “Tweeps” Elite Accounts, and Pro-ISIS Accounts (Continued)
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E Illustrating Elite Influence Measures

Figure A5: Retweet Frequency and Retweet Reach in a Retweet Network

Nodes Sized by Retweet Frequency Nodes Sized by Retweet Reach

Both of these diagrams are retweet networks in which each “node” represents a Twitter user.
An arrow pointing towards a given user means that that user has been retweeted. In the
figure on the left, nodes (users) are sized by retweet frequency (indegree centrality) or the
number of times a given user has been retweeted. Since Alice has the most arrows pointing
towards her, she has the highest retweet frequency and is the most influential node in the
network according to this measure. Her retweet frequency (indegree centrality) is 10, because
10 users have retweeted her. By contrast, Bob has just been retweeted by Alice and thus
has a retweet frequency (indegree centrality) of only 1. However, even though Bob has only
been retweeted once, he was retweeted by the most influential node in the network according
to retweet frequency (indegree centrality) measures. Retweet reach (eigenvector centrality)
builds upon retweet frequency (indegree centrality) to ask “how important are the people who
retweet a given user?” The figure on the right shows the same network as the figure on
the left, but with nodes (users) scaled by retweet reach (eigenvector centrality). We see that
Bob, who is not influential by measures of retweet frequency (indegree centrality), is the most
important node with regard to retweet reach (eigenvector centrality). This is because Alice,
a high-retweet reach (high indegree centrality) node (user), retweets Bob. Because Bob has
been retweeted by someone important, he has high retweet reach (eigenvector centrality). This
figure is adapted from Kumar, Morstatter and Liu (2014).
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