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Spontaneous Collective Action: Peripheral Mobilization During
the Arab Spring
ZACHARY C. STEINERT-THRELKELD University of California, Los Angeles

Who is responsible for protest mobilization? Models of disease and information diffusion suggest
that those central to a social network (the core) should have a greater ability to mobilize others
than those who are less well-connected. To the contrary, this article argues that those not central

to a network (the periphery) can generate collective action, especially in the context of large-scale protests
in authoritarian regimes. To show that those in the core of a social network have no effect on levels of
protest, this article develops a dataset of daily protests across 16 countries in the Middle East and North
Africa over 14 months from 2010 through 2011. It combines that dataset with geocoded, individual-level
communication from the same period and measures the number of connections of each person. Those on
the periphery are shown to be responsible for changing levels of protest, with some evidence suggesting
that the core’s mobilization efforts lead to fewer protests. These results have implications for a wide range
of social choices that rely on interdependent decision making.

INTRODUCTION

L arge groups of people acting without central-
ized leadership can organize protests. Protests
occur as a result of decentralized coordination

of individuals, and this coordination helps explain fluc-
tuating levels of protest. Individuals in the core of a
social network—those such as activists, members of
the media, or civil society organizations—do not mo-
bilize protests. Instead, those on the periphery of the
network communicate with each other about the near
future (where and when to protest) as well as events as
they unfold (the presence of police, what the police are
doing, supplies needed, and so on). While those at the
center of the network do engage in the same behavior
as others, their effect is washed out in comparison to
that of the masses they try to lead. I call the ability of
the periphery to mobilize spontaneous collective action.

There exist two competing explanations for how
individuals decide to undertake action. Whether de-
ciding to vote (Downs 1957; Quattrone and Tversky
1988; Riker and Ordeshook 1968), join a political orga-
nization (González-Bailón, Borge-Holthoefer, Rivero
and Moreno 2011; Klandermans and Oegema 1987;
McAdam 1986), or protest (Goldstone 2001; Lichbach
1998; Moore 1995), individuals may decide to do so
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as a result of effort from centralized, well-connected
individuals (the core) or those on the periphery. Those
at the center of a social network can provide focal
points for action, alternative policies for voters, new
information about policies, or demonstrate a regime
is weaker than previously thought, all contributing to
individuals taking collective action (Dalton, Greene,
Beck and Huckfeldt 2002; Gerber, Karlan and Bergan
2006; Shachar and Nalebuff 1999; Taylor 1988). On the
other hand, individuals can decide to vote (or protest or
join a movement) based on the influence of those they
know (Gerber, Green and Larimer 2008; Schussman
and Soule 2005), beliefs in their own ability to affect
an outcome (Finkel, Muller and Opp 1989; Goldstone
1994; Opp 2012), or from observing the behavior of
others (Granovetter 1978; Lohmann 1994). These oth-
ers are the peripheral members.

This argument is tested using data from the Arab
Spring, the protests which started in Tunisia in Decem-
ber 2010 and soon spread through North Africa and the
Middle East. The events of the Arab Spring, the most
prominent large-scale, widespread protests since the
collapse of the Soviet Union, provide an ideal situation
in which to test this theory. “Arab Spring” refers to the
series of protests which started in Tunisia on December
14, 2010 (leading to the resignation of that country’s
president), slowly spread to neighboring countries over
the following six weeks, and inspired massive turnout in
Egypt that caused President Hosni Mubarak to resign
on February 11, 2011. This article will show that these
protests were not driven by the people who had tried
for years to organize them. Instead, they were orga-
nized by large groups of individuals discussing amongst
themselves where to go, how to get there, when to go,
and what was going on once there. This article does
not seek to explain the Arab Spring, but it does, in the
course of developing the spontaneous collective action
theory, present the first large-scale, systematic evidence
on how individuals behaved in each country.

To test the core versus peripheral hypotheses, this ar-
ticle connects two large-scale datasets. First, a machine-
coded events dataset, the Integrated Conflict Early
Warning System (ICEWS), is combed to measure the
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number of protests per day across 16 countries from
November 1, 2010 through December 31, 2011. Second,
a dataset of geolocated tweets in the same countries
from the same period is built. These 13,754,998 tweets
show what was being said, when it was being said,
where, and how many connections each tweet author
had. Combining these datasets and using a wide range
of models and operationalizations, mass mobilization
is shown to occur through peripheral individuals.

This article proceeds in eight sections. The follow-
ing section compares and contrasts existing theories
of protest mobilization with the one developed here.
The article then presents the empirical strategy, fol-
lowed with the main findings and a battery of robust-
ness checks to reinforce them. A closer look at Egypt
presents another strategy for identifying core actors,
and the article concludes with final thoughts and sug-
gestions for future research.

THEORY

Coordination drives protest mobilization, and periph-
eral members of a network drive coordination. Coor-
dination consists of two components.

First, individuals deciding to protest must receive
a credible signal that large numbers of people are
protesting, suggesting that the cost of protesting is low.
Second, once protests have commenced, information
about upcoming protests—when a protest will occur,
where protesters will convene, routes to take, supplies
needed, and so on—needs to be provided. Members on
the periphery of a social network better provide both
components of coordination than those in the core.
Individuals at the core of a network—those connected
to many more people than the median person—are
socially distant from most of those connections and
few in number. This distance attenuates the weight of
the signal the core sends (Centola and Macy 2007, 725–
6), while their rarity limits the influence of their action
and relevance of the protest information they provide.

Networks provide a framework for understanding
how a phenomenon spreads between items; when these
items are people, the network is a social network, and
connections represent two people between whom a
phenomenon can spread. These phenomena fall into
two categories, simple and complex. A simple con-
tagion is a phenomenon which can spread between
individuals after one exposure, such as illness or in-
formation about job opportunities (Granovetter 1973).
Disease transmission or news are canonical examples:
John only needs to meet one person with the flu to catch
it, and Jane only needs to talk with one person to learn
tomorrow’s weather. John does not become more sick
from meeting a second infected person, and Jane does
not become more knowledgeable receiving the same
weather report from a second person. Except for rare
cases, simple contagions always spread in a network
(Newman 2003). Simple contagions spread quickest
when core nodes are affected since those nodes can
spread the phenomenon in question to many nodes
at once, regardless of the structure of the underly-

ing network (Watts 2004, 257–60). In simple contagion
models, diffusion of a phenomenon is less likely when
the diffusion starts on the periphery.

Complex phenomena are those whose transmission
requires an individual to observe that phenomenon in
two or more people. Contact with two or more sources
is required when the phenomenon possesses positive
externalities, gains credibility or legitimacy when mul-
tiple people partake, or have an emotional component
(Centola and Macy 2007, 707–8). Models of complex
contagion are often called threshold models since they
require an individual to be exposed to a defined amount
of other people in the network before switching states
(Granovetter 1978; Schelling 1978).1 The existence of
thresholds makes the spread of complex contagions
less certain, as network structure—the distribution of
thresholds—can cause a contagion to stay trapped in
one part of the network (Watts 2002). Because contact
with more than one source is required for complex
contagion’s spread, core members do not automatically
lead to the spread of the phenomenon in question. The
existence of that phenomenon in peripheral parts of the
network becomes essential for its spread throughout
the network.

Protests are a complex contagion phenomenon be-
cause increasing participation makes others more
likely to join. Individuals are more likely to protest
as others protest, since the cost of protesting decreases
as a function of group size. Individuals are especially
more likely to protest when they know others who are
protesting (Opp and Gern 1993), and those on the pe-
riphery of a network are more likely to know others on
the periphery than in the core (Kwak, Lee, Park and
Moon 2010; McPherson, Smith-Lovin and Cook 2001).
Since there exist many more individuals on the periph-
ery of a network than in the core, protest is therefore
more likely to occur when those on the periphery of a
network mobilize.

The first mechanism through which the periphery of
a social network mobilizes protest is through provid-
ing a credible signal about participation in the protest.
Peripheral members mobilize other participants better
than those in the core because they provide a more
credible signal that the protest enjoys widespread par-
ticipation. If a protest is dominated by core members,
the signal suggests that the policy disagreement does
not affect many people who do not usually protest. This
insight is similar to that made by Susanne Lohmann:
she argues that unexpected participation of “moder-
ate activists” drives protest mobilization because “ex-
treme activists” always protest, so their participation is
not a credible signal about the severity of a grievance

1 The threshold is sometimes defined as a constant and sometimes as
a fraction of network size. This distinction matters for small networks
but not large ones. For example, in a network of eight individuals, a
threshold of 1/8 does not represent complex contagion because an
individual will switch states when only 1 person it knows has has;
in a network of 800,000, a threshold of 1/8 would correspond to a
late mover. Because mass protest involves large groups of people, the
difference between numeric and proportional thresholds is moot. See
Centola and Macy 2007 for an extended discussion on the difference
between fractional and numeric thresholds.
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(Lohmann 1994). A larger than expected turnout of
“moderate activists” signals to others that grievances
are widely shared, leading to the expectation that one’s
action will decisively lead to a policy change. In dis-
cussing the effect of network structure on collective
action, David Siegel explains that:

[...] the people at the bottom of the network—the pro-
letariat, if you will—can [mobilize] if they have enough
connections among themselves. The key here is to obtain
a sufficiently large and well-connected group of people
at the bottom of the hierarchy who [...] are highly inter-
nally motivated to participate. If these requirements are
achieved, the bottom of the hierarchy can spur the net-
work on to very high levels of participation. (Siegel 2009,
134–5)

The second mechanism through which the periphery
of a social network mobilizes protest is by providing
more information about a protest as it unfolds, and this
information has the effect of coordinating protestor
movement and tactics. One type of information is situ-
ational awareness, knowledge about unfolding events,
and peripheral members, because of their number, pro-
vide this awareness in ways the core cannot. Situational
awareness entails knowing the size of the police pres-
ence, which routes police block, whether or not police
engage with protesters, paths around police, and where
other protest groups find themselves. Protesters are
also more likely to reach and hold onto their desired
site if they can approach it from multiple directions and
coordinate their action, as doing so makes it harder for
police to contain the protesters (Gunning and Baron
2013, 168–74). But, since there exists a finite supply of
core individuals, splitting a protest into subcomponents
means that the ability of core members, who are few in
number, to control them is lessened.

Moreover, once engagement with state forces com-
mences, order often dissolves; a protest is a quickly
shifting series of actions occurring in an area too big
to be observed by a few individuals. During a street
engagement with government forces, protesters may
require reinforcements on some streets and not others,
while supplies such as gas masks necessary in one place
but not elsewhere. If a group is able to cause police
to retreat, communicating that advantage to nearby
protesters can provide reinforcements to exploit this
development. But relying on core members, who are
few in number, to coordinate these reactions decreases
the efficacy with which protesters can react to new de-
velopments. Situational awareness therefore increases
the likelihood of protest success, and situational aware-
ness is increased when information flows from and be-
tween as many individuals as possible.

Situational awareness also entails providing logisti-
cal support for a protest. During the initial march to a
protest site, one key piece of information is what kind
of equipment individuals need. Gas masks, onions, and
soda mitigate the effect of tear gas, while hammers,
slingshots, and shields are necessary if projectiles are
to be employed. Individuals also need to know to where
these supplies need to be delivered, as some groups of

protesters may be marching peacefully while others in
different neighborhoods confront the police. The same
logic holds once a protest site, such as a city’s main
square, is established. At this point, the protest site be-
comes a miniature city; the provision of food, medical
supplies, sanitation, communications equipment, and
security all require coordination.

A comparison with military tactics clarifies the im-
portance of situational awareness. The chief advantage
of German armored divisions at the start of World War
II was coordination enabled by new communication
technology. Equipped with radios, unit commanders
could communicate with their tanks in real time, main-
taining tactical awareness throughout a battle and so
allowing them to exploit enemy weaknesses or cover
their own (Citino 2004). Iraqi forces in the first Gulf
War had not learned this lesson: battlefield commands
flowed through centralized headquarters in Baghdad,
and Coalition forces were able to bomb these facili-
ties, hindering the ability of Iraqi frontline forces to
respond to battlefield developments (Press 2001). In
protests, it is the police who have traditionally had the
coordination advantage because of their distributed
communication, while protesters have often lacked a
similar ability.

Peripheral individuals are better positioned to co-
ordinate than the core. Even in an authoritarian set-
ting, the existence of widespread discontent is often
not a surprise. In Tunisia and Egypt, for example, it
was widely known that the regimes were unpopular.
In Tunisia, oligarchic elites and weak rule of law alien-
ated large segments of society, from students to the
working class, especially outside of Tunis, and despera-
tion suicides were not uncommon events (Al-Zubaidi
and Cassel 2013; Breuer 2012). In Egypt, police indis-
cretion, religious persecution, and economic instability
similarly dispirited a majority of the population (Gun-
ning and Baron 2013, 97–127). It was well understood
in these countries that dissent was widespread and a
minority of a society benefited from current policies
at the expense of most others. Widespread, commonly
understood dissatisfaction means that latent desires for
policy change are known to exist, rendering the task
one of coordinating protest. The periphery then drives
mobilization because it signals that disparate, numer-
ous groups of individuals are acting on this discontent.

Signalling and situational awareness allow periph-
eral members to coordinate their action. For example,
a message such as “#jan25 protests will take place all
throughout cairo, including shubra, mohendessin, in
front of cairo university and on arab league street”
issued on the morning January 25th, the first major
day of protests in Egypt, provides information about
where individuals who want to protest can join others
(Idle and Nunns 2011, 33). Information less explicitly
about coordination can also have a coordinating effect.
A large amount of the communication leading up to
a protest focuses on supplies needed, how to dress,
how to behave towards the police, and the identity of
protesters. This communication does not tell people
when or where to go, but it helps them estimate levels
of support in the population and danger they may face
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(Gerbaudo 2012; Lohmann 1994). The more people
that provide this information, the easier protest coor-
dination becomes.

The importance of signalling and protest information
leads to a primary hypothesis that can be broken down
into constituent parts.

H1 As coordination from the periphery of a social network
increases, more protests should occur.
H2 As coordination from the core of a social network
increases, there should be no change in the number of
protests.

The importance of peripheral participation as a sig-
nal of broad support is found in the experience of
Egyptian mobilization on January 25. As groups of
protesters marched through outlying neighborhoods,
they urged onlookers to leave their shops, apartments,
and workplaces. Many did, and the protest size snow-
balled (Cambanis 2015, 51). Protesters also empha-
sized the different parts of society they represented,
with particular care taken to recruit outside of the
middle class as well as emphasize independence from
the Muslim Brotherhood (Gunning and Baron 2013,
180). The initial mobilization therefore included youth,
members of football fan clubs, the poor and work-
ing class, in addition to individuals who were ha-
bitual protesters. Moreover, habitual protesters sit-
uated in the core of the Egyptian social network
had tried to initially protest on January 18; only five
activists protested, reflecting the importance of mo-
bilization from the periphery (Gunning and Baron
2013, 91).

That peripheral members of a social network provide
more information than the core finds support in other
settings as well. In a study of diffusion on Facebook,
Bakshy et al. (2012) find that weak ties are responsible
for most information diffusion because they are
more numerous than strong ties (individuals who
interact frequently), just as those on the periphery are
more numerous than those in the core. Recruitment
to Spain’s indignados movement, which started
less than four months after Egypt’s first protests,
was characterized by individuals’ exposure to the
same information from different sources (González-
Bailón, Borge-Holthoefer, Rivero and Moreno 2011).
Adoption of political attitudes is also increased after
exposures from different sources (Romero, Meeder
and Kleinberg 2011), and controlled experiments
have confirmed the importance of multiple sources of
exposure for changing health attitudes (Centola 2010).
Complex contagion also drove mobilization processes
during the collapse of the Soviet Union (Opp and
Gern 1993) and the American Civil Rights movement
(McAdam 1986), though scholars at the time did not
use that language. Finally, this spontaneous collective
action might be the process which drives mass urban
mobilizations that bring together disparate groups
of individuals who previously did not engage in
antiregime behaviors (Beissinger 2013; Tufekci 2014).

That protest is a complex contagion explains why
many states have large domestic intelligence appara-

tuses and fear mass public gatherings. If an individual
desiring to protest is concerned that sharing that in-
formation will lead to punishment, individuals are less
likely to form connections with other individuals. In
network terms, there will be fewer bridges between
communities, inhibiting the spread of protest mobiliza-
tion information. (If protest were a simple contagion
phenomenon, a small number of protesters could have
a large effect, and governments would have to make
the costs of protest very high to prevent any display of
antiregime sentiment.) Large public gatherings there-
fore provide one of the few occasions individuals have
of bridging their immediate social communities; these
bridges may cause individuals’ protest thresholds to be
surpassed, and a chain reaction of protests may ensue.
For example, protests in Egypt against the Iraq War and
marking the third anniversary of the Second Intifada
led to the first large-scale public chants against Hosni
Mubarak and started the process by which previously
disconnected groups of individuals began to coordinate
their antiregime actions (Gunning and Baron 2013,
39–47). In Russia in 1917, an industrial lockout, In-
ternational Women’s Day, and military leave brought
together tens of thousands of workers, women, and
disgruntled soldiers into the streets of St. Petersburg;
the Romanovs fled four days later (Kuran 1989, 63).
China even allows criticism of government officials
and policy so long as it does not lead to appeals for
collective action (King, Pan and Roberts 2013).

That protest is a complex contagion phenomenon
also does not mean core members are unimportant
in terms of protest mobilization. There are at least
three mechanisms by which core members can facil-
itate protests: convincing individuals to blame their
dissatisfaction on government policies, revealing the
state is weaker than commonly believed, and fostering
group identity. First, a core member can help those on
the periphery ascribe their policy dissatisfaction to spe-
cific policies of those in power because the information
to assign blame is a simple contagion phenomenon.
As Javeline summarizes: “individuals faced with any
grievance should be more likely to protest if they can
make specific attributions of blame for the grievance
and that one mechanism by which entrepreneurs [core
individuals] might solve collection action problems is
by first solving blame attribution problems” (Javeline
2003, 119). Second, core members can engage in vio-
lence which, if not terminated, reveals that antiregime
preferences are widespread and the regime may be
weak (Bueno de Mesquita 2010). Third, core mem-
bers can create norms of solidarity, causing individuals
to calculate their participation based on group gains
(Goldstone 1994). Once individuals see themselves as
part of a larger group, the benefits of protest increase
while the costs decrease, making them more likely to
mobilize when the opportunity arises.

These core-based mechanisms are not related to
protest mobilization, however, as they occur before
mass protests. They predispose individuals to be ready
to mobilize, but they do not directly mobilize. In
the language of Timur Kuran, they cause preferences
to change, but they do not provide the initial spark
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(Kuran 1989, 63–6). The theory of spontaneous collec-
tive action also treats the spark as exogenous.

Scope Conditions

There are two primary scope conditions to the applica-
tion of the theory to the Arab Spring. First, a country’s
regime type may determine whether or not protest is a
complex contagion phenomenon. Arrests, perfunctory
trials, and long jail terms were standard state practices
from Morocco to Bahrain (Bellin 2012; Gunning and
Baron 2013; Khatib and Lust 2014), making it diffi-
cult for some core social network members to organize
collective action. Second, mobilization is bounded by
the costs a state imposes on protesting. Libya, Saudi
Arabia, Bahrain, Syria, and Egypt in 2013 engaged in
sustained violent repression of collective action, with
heterogenous outcomes.

Authoritarian regimes are likely to repress individ-
uals who impugn them, as targeted repression is a
more effective tactic than indiscriminate killing (Siegel
2011). Arbitrary jailing, torture, forced exile, and
threats to family are all common tactics used to silence
antiregime individuals. In countries where those who
desire policy change and are central to a network are
routinely intimidated or silenced, they may not have
the ability or desire to engage in coordination activi-
ties, and coordination would necessarily occur through
those on the periphery. Moreover, in countries tolerant
of mass gatherings, individuals may have lower thresh-
olds of participation since they do not fear repression.
If an individual does not expect protest to be large to be
safe, he or she may join a protest alone or after hearing
about it from a core social network member. In these
cases, protest is more likely to be a simple contagion
event and so be more affected by core members of a
social network.

Second, any state can stop protests if it is willing
to impose high enough costs (Blaydes and Lo 2011). In
March of 1988 in Burma, protests started over an event
just as random as a Tunisian fruit vendor lighting him-
self on fire: a youth arrested for fighting other youth was
released from jail through political connections. Ten-
sion boiled over the summer, a general strike started on
August 8, and the state engaged in ambiguous amounts
of repression. On September 18, repression became
less ambiguous as a result of an army coup; the ensuing
repression resulted in at least 1,000 deaths in Rangoon,
3,000 nationwide (Ferrara 2003). Protests, which had
been stronger throughout August but were tapering by
mid-September, ceased. In 1989, a protest movement
in China grew over the course of several months; by
the end of May, Beijing hosted 250,000 soldiers, and
multiday violent repression began on June 3. That re-
pression, in conjunction with the arrest of party leaders
and Communist Party reformers, squelched the move-
ment. In 2011 in Egypt, individuals soon realized that
the armed forces were not going to repress protests,
yet in August 2013, the Egyptian army massacred hun-
dreds, perhaps thousands, of pro-Muslim Brotherhood
supporters who were staging long-term sit-ins at two
Cairo squares after the July 3 coup against President

Mohamed Morsi (Meirowitz and Tucker 2013). Re-
pression against secular activists also increased, with
those continuing to protest facing lengthy jail sen-
tences or death (Mackey 2015). Bahrain’s security
forces killed protesters at the Pearl Roundabout, af-
ter welcoming a coalition of forces from Gulf states;
leaders of al-Wefaq, the main Shia opposition party
that participated in government before the start of
protests, are now in jail, and the party’s leader faces
a four year sentence for inciting violence against the
monarchy (Kerr 2015). While a state faces internal and
external costs from repression, the ultimate success of
any protest mobilization depends on the state’s will-
ingness to repress.

DATA

The Integrated Conflict Early Warning System, a
machine-coded events dataset that reads newspaper
articles, provides the dependent variable, number of
protests, across 16 countries in the Middle East and
North Africa from November 1, 2010 through De-
cember 31, 2011(Boschee, Lautenschlager, O’Brien,
Shellman, Starz and Ward 2015). ICEWS codes 20
categories of events of increasing severity, from pub-
lic statements through unconventional mass violence.
All events coded as protests in one of these 16 coun-
tries country are kept. These countries are Morocco,
Algeria, Tunisia, Libya, Egypt, Lebanon, Syria, Jor-
dan, Saudi Arabia, Oman, Yemen, Bahrain, the United
Arab Emirates, Kuwait, Iraq, and Qatar; Israel is ex-
cluded. Figure 1 shows the ICEWS recording of protest
in two high-protest (Egypt, Bahrain) and low-protest
(Morocco, Qatar) countries.

Social media data are ideal for understanding
protest, for three reasons. First, in states that control
information disseminated through newspapers, radio,
and television, social media are one of the few inde-
pendent sources of information (Edmond 2013). So-
cial media have therefore become a tool for citizens
to gather and disseminate information in information-
scarce environments such as authoritarian regimes. In
this way, social media may have a similar effect as inde-
pendent media (Egorov, Guriev and Sonin 2009) or the
disclosure of economic data by an autocrat (Hollyer,
Rosendorff and Vreeland 2015). Second, state actors
belatedly realized the power of social media, leaving it
unregulated; lack of regulation made social media an
attractive tool for anyone seeking independent infor-
mation, and the information contained in social media
therefore more closely reflected the offline world than
did official news sources (Hamdy and Gomaa 2012).
Social media has therefore become a critical compo-
nent of many protest movements, starting with the
2009 Iran election protests and continuing through the
Ukraine civil war (Burns and Eltham 2009; Rahimi
2011). Third, it provides the best temporal resolution
of any data source. It is therefore one of the few
sources available to researchers interested in dynamic
processes that can provide microlevel information on
these processes.
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FIGURE 1. Protests per Million Inhabitants

Jan.25 Mubarak Gone Tahrir Protests

0

10

20

30

40
20

10
.1

1.
28

20
10

.1
2.

26

20
11

.0
1.

23

20
11

.0
2.

20

20
11

.0
3.

20

20
11

.0
4.

17

20
11

.0
5.

15

20
11

.0
6.

12

20
11

.0
7.

10

20
11

.0
8.

07

20
11

.0
9.

04

20
11

.1
0.

02

20
11

.1
0.

30

20
11

.1
1.

27

20
11

.1
2.

25

P
ro

te
st

s 
pe

r 
M

ill
io

n 
In

ha
bi

ta
nt

s

Feb.14

Pro−Gov Marches

Pearl Crackdown

Shia Protests

0

10

20

30

40

20
10

.1
1.

28

20
10

.1
2.

26

20
11

.0
1.

23

20
11

.0
2.

20

20
11

.0
3.

20

20
11

.0
4.

17

20
11

.0
5.

15

20
11

.0
6.

12

20
11

.0
7.

10

20
11

.0
8.

07

20
11

.0
9.

04

20
11

.1
0.

02

20
11

.1
0.

30

20
11

.1
1.

27

20
11

.1
2.

25

P
ro

te
st

s 
pe

r 
M

ill
io

n 
In

ha
bi

ta
nt

s
(a)Egypt (b)Bahrain

First Protests

Nationwide Protests

New Protests

0

10

20

30

40

20
10

.1
1.

28

20
10

.1
2.

26

20
11

.0
1.

23

20
11

.0
2.

20

20
11

.0
3.

20

20
11

.0
4.

17

20
11

.0
5.

15

20
11

.0
6.

12

20
11

.0
7.

10

20
11

.0
8.

07

20
11

.0
9.

04

20
11

.1
0.

02

20
11

.1
0.

30

20
11

.1
1.

27

20
11

.1
2.

25

P
ro

te
st

s 
pe

r 
M

ill
io

n 
In

ha
bi

ta
nt

s

World Cup 

 Campaign

Egypt

Libya

Qtell Campaign

0

10

20

30

40
20

10
.1

1.
28

20
10

.1
2.

26

20
11

.0
1.

23

20
11

.0
2.

20

20
11

.0
3.

20

20
11

.0
4.

17

20
11

.0
5.

15

20
11

.0
6.

12

20
11

.0
7.

10

20
11

.0
8.

07

20
11

.0
9.

04

20
11

.1
0.

02

20
11

.1
0.

30

20
11

.1
1.

27

20
11

.1
2.

25

P
ro

te
st

s 
pe

r 
M

ill
io

n 
In

ha
bi

ta
nt

s

(c)Morocco (d)Qatar

Notes: This figure shows that ICEWS captures different levels of intensity of each country’s protests, both temporally and in cross
section. Egypt, which experienced sustained, widespread protest, has the most recorded protests of any country in the dataset, but
it has fewer per person than Bahrain. Morocco had a sustained protest campaign that did not mobilize as many people as Egypt or
Bahrain, and Qatar experienced no protests. ICEWS’ count of protests also varies during days they are expected to.

Twitter, a global social media platform, provides data
on daily, individual-level communication. It is a global
social network with over 500 million users generating
almost 500 million daily messages (tweets). Anyone
with an internet connection or phone can access it,
and most users create and consume content using their
mobile devices; contrary to popular belief, one can
compose and consume tweets from any kind of phone,

though smartphones greatly facilitate the process. The
company does not edit or censor its users’ tweets, so
the content of the network reflects what individuals
are discussing at any moment.2 Only China and North
Korea have completely blocked access to it, though

2 Twitter will censor tweets to comply with countries’ laws. For ex-
ample, it has censored a neo-Nazi group’s tweets in Germany and has
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countries have temporarily blocked it at different
times.

There are four reasons to prefer Twitter as a data
source to other social media platforms. First, it is one
of the most used social media platforms, usually second
only to Facebook (Duggan and Smith 2013). Second, it
is often used during crisis events to disseminate infor-
mation, including during protests (Earl, McKee Hur-
witz, Mejia Mesinas, Tolan and Arlotti 2013; Tonkin,
Pfeiffer and Tourte 2011). Third, though it is used to
discuss political events such as protests, it is also used
to engage in quotidian topics like celebrity gossip, the
weather, and sports (Boyd, Golder and Lotan 2010;
Sinha, Dyer, Gimpel and Smith 2013). In the sample
of tweets used later to train a naı̈ve bayes classifier,
almost 75% were not about political events. Fourth,
Twitter provides a large amount of its data through two
programming interfaces, making Twitter data easier to
obtain than Facebook’s. While other sites with social
networking components, such as YouTube or reddit,
are also relatively easy to gather data from, none are
also used as comprehensively as Twitter.

Moreover, the norms of communication on Twitter
makes it the most reliable way to measure coordination
across so many countries and days. There are four ways
a user can modify a plaintext tweet. The most common
is the # symbol, known as the hashtag. Individuals will
affix a hashtag to the front of a word to associate it
with a certain conversation, e.g., “Eyewitnesses: NDP
thugs throwing molotov cocktails inside the Egyptian
Museum. I repeat NDP thugs, NOT anti-Mubarak
protesters. #Jan25 #fb”. If a different user then searches
for messages containing “#Jan25” or “#fb”, this tweet
will be returned; employing a hashtag therefore makes
the information in one’s message more likely to spread
beyond just one’s social network (Romero, Meeder
and Kleinberg 2011). Users quickly converge on a few
hashtags to use for an event, whether that event is a
protest, sporting event, or pop culture meme (Bruns
and Burgess 2011; Lehmann, Gonçalves, Ramasco and
Cattuto 2012).

Twitter makes it easy to find all tweets containing a
hashtag. A user interested in upcoming protests could
therefore search, from her smartphone or a computer,
for “#jan25”, “#egypt”, or other hashtags and retrieve
every tweet containing those hashtags.3 That person is
therefore quickly exposed to vastly more information
than she could gain from traditional interpersonal com-
munication, and she knows that everyone else search-
ing those hashtags will see the same tweets. She is there-
fore confident that when she reads about the meeting
in Batal Ahmed street, many others have read about
it as well, and others who search for “#jan25” know
that others have seen that tweet as well. The prevalent
use of hashtags, convergence to very few during major

started to delete accounts from the Islamic State of Iraq and Syria
that are deemed to incite violence.
3 This search is not case sensitive: a user searching for “#jan25” will
see the same results as one searching for “#Jan25”. The searched
term will not return tweets that use the character string without a
hashtag, e.g., a tweet that says “police thugs r everywhere in egypt
jan25” will not show up in search results.

events, and ease of finding information related to the
hashtag make tweets with hashtags the key coordina-
tion mechanism.

Twitter data come courtesy of researchers at North-
eastern University’s Laboratory for the Modeling
of Biological and Socio-Technical Systems (Mocanu,
Baronchelli, Perra, Vespignani, Goncalves and Zhang
2013; Steinert-Threlkeld, Mocanu, Vespignani and
Fowler 2015). The tweets involved in this analysis were
extracted from Twitter’s 10% API, an unbiased sample
of 10% of all public activity on the platform. There are
two ways in which country of origin was identified.
First, if a Twitter user has enabled location sharing, the
tweet will have GPS coordinates, and Twitter will assign
a two letter country code to those tweets. Each tweet is
then read for a two letter code corresponding to one of
the 16 countries and saved if there is a match. Second,
users can report their location as part of their profile,
and that location is reported as metadata with each
tweet. The user-reported location is then compared to
a dictionary of cities and country names to assign each
tweet to a city or country; if that location is part of
this study, the tweet is saved.4 Unlike previous studies
that analyze contentious events, tweets in this dataset
were not selected based on hashtags, providing a rep-
resentative sample of what Twitter users were actually
talking about, e.g., protests or the weather, during this
period. Only 19.74% of all tweets in this sample contain
a hashtag, and most are apolitical.

1.95% of tweets in this sample have GPS coordi-
nates, with the location information of the rest com-
ing from user-reported location. These numbers corre-
spond with other work that finds more than an order
of magnitude more tweets when using self-reported lo-
cation (Leetaru, Wang, Cao, Padmanabhan and Shook
2013). It is worth nothing that tweets in the United
States with GPS coordinates exhibit bias towards ur-
ban areas, nonwhites, and high-income groups (Malik,
Lamba, Nakos and Pfeffer 2015), and there is some
evidence that users of Twitter in Egypt tend to be
well-off individuals in cities (Tufekci and Wilson 2012).
Malik et al. (2015) do not include tweets with user-
reported location and Tufekci and Wilson (2012) do
not ask whether users geotag their tweets, so it is
unclear if using user-reported location removes these
biases.

For a comprehensive of review of Twitter as a data
source and a tutorial on how to use it for social science
research, see Steinert-Threlkeld (2017).

MEASURES

Coordination

A Gini coefficient for hashtags operationalizes coordi-
nation. The Gini coefficient, which ranges from zero
to one, usually measures income inequality, but it can

4 For more detail, see the Materials and Methods section of Mocanu
et al. (2013). That article uses only tweets from that stream with
GPS coordinates for its analysis, whereas I use tweets with GPS
coordinates or user-reported location because there were not enough
tweets with GPS coordinates in the countries in this study.
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be used on any orderable discrete quantity. Instead of
measuring wealth per person, it here measures occur-
rences per hashtag per day per country; a one means
that one hashtag accounts for all hashtags used in that
country on that day, a zero that every observed hash-
tag occurs the same number of times. This measure
is labeled Coordinationi,t for the rest of the article,
and the Supplementary Material provides a graphical
explanation of the operationalization.

Equation (1) shows this calculation. For each day
t in each country i, there exist n unique hashtags.
Coordinationi,t counts the number of times each hash-
tag j occurs (cj ) and uses those counts to calculate the
Lorenz Curve of (hashtag) inequality, for i = 1, ..., 16
and j = 1, ..., 426.

Coordinationi,t = 2
∑n

j =1 j cj

n
∑n

j =1 cj
− n + 1

n
. (1)

Three other Twitter behaviors that may impact co-
ordination are measured. Retweets, equivalent to for-
warding an email to one’s entire contact list, can also
promote coordination. An example of a retweet is, “RT
@Ekramibrahim: Police, specially in civil clothes are
holding electricity sticks. #jan25”. Ekramibrahim is the
author of the message after the colon, but the person
who sent the tweet read Ekramibrahim’s message and
retweeted it to her followers. This secondary message is
the retweet, and the reader knows it was seen by at least
the followers of Ekramibrahim and the person who
retweeted it. A message can be retweeted an infinite
number of times, though a user who sees a retweet only
knows that at least one person retweeted it; in practice,
most tweets are not retweeted, those that are are not
retweeted often, and the retweet rate decays to almost
0% after 24 hours (Kwak, Lee, Park and Moon 2010;
Liere 2010; Starbird and Palen 2012).5

A message can also contain a user mention or a
link. A message that directly refers to another user
by name is said to contain a user mention. If a user
writes, “@ramezm i noticed a debate: #25jan or #jan25”,
@ramezm will receive a personal notification about the
message; a tweet with a user mention is still viewable
by the followers of the original author. Tweets also
often contain links to photos and articles, though those
messages are rarely retweeted (Suh, Hong, Pirolli and
Chi 2010).

Retweets, links, and mentions are not as effective
at promoting coordination as hashtags. While more
retweets of one tweet means that more people have
seen the same set of information, the prevalence of
hashtags means the information in a retweet is also
available to those searching for hashtags that the
retweet happen to contain. The same logic is true of
links: if a link is meant to provide coordinating infor-
mation, it will almost certainly contain a hashtag that is
also relevant to coordination. While it is possible that

5 With one extra click, a user can see how many times the original
tweet was retweeted, but there is no way for the researcher to observe
if a user knows how many times a tweet was retweeted.

user mentions have a strong coordinating effect outside
of their employment of hashtags, they are dyadic and
tend to be part of conversations—they are not used to
mobilize protesters.

Equation (2) shows the calculation of these other
measures of potential coordination. For each day t and
country i, the measure counts the number of tweets, K,
and tweets with measure Mk. m is a count of tweets
with a link, mention of another user, or that are a
retweet, depending on the measure in question. Di-
viding the measure by the number of tweets that day
in that country quantifies the amount of other possible
coordination that could have occurred in addition to
Coordinationi,t,

MPercenti,t =
16∑

i=1

426∑
t=1

1
K

∗
K∑

k=1

mk. (2)

Note that Coordinationi,t is one variable that en-
compasses the two mechanisms, signalling and protest
information provision. This measurement choice was
made for four reasons. First, Coordinationi,t should
measure information protest information provision be-
cause it measures hashtag concentration, and individ-
uals on Twitter use hashtags to quickly identify their
tweets as being about a specific topic. During periods
of heightened political awareness, the most common
hashtags are most likely to be about politics; a tweet
with “#jan25” is not likely to be about sports or the
weather, for example. While this measure could create
false positives—days that appear to have high coordi-
nation but are really people talking about something
else like a meme or a cultural event—the Supplemen-
tary Material’s case study shows that this is not the
case.

Second, Coordinationi,t is preferred to a supervised
learning model of protest information provision be-
cause it scales easily and is directly comparable across
countries. Tweets often contain slang that varies by
country, so making a supervised learning model for
each country is a large project in its own right. Aside
from requiring much more labor, creating a content
model, whether supervised or unsupervised, risks con-
stricting results to words or topics that the researcher
has an a priori expectation will matter (Grimmer and
Stewart 2013). A hashtag Gini, on the other hand, is
agnostic to what words people say or how many top-
ics they discuss; caring only about the hashtags, it will
measure any hashtag used (not just the ones thought
of in advance), revealing after the fact which hashtags
are most salient.

Third, Coordinationi,t is preferred to selecting spe-
cific hashtags because it scales easily and is directly
comparable across countries. The hashtags used to co-
ordinate an event are different in each country and
change over time. Determining which hashtags to use
for a given period of time therefore requires sub-
ject matter expertise on the digital arena of many
countries over many months, which is not feasible
for a large cross-national study. Moreover, because
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individuals pool on certain hashtags during protest
periods, measuring hashtag concentration picks up
on the most common protest hashtags. This behav-
ior is explored in more detail in the Supplementary
Material.

Fourth, Coordinationi,t is preferred over a direct
measure of signalling because it is not clear how to mea-
sure signalling on Twitter. The best approach would be
to separate out the amount of signalling and protest
information tweets which come from the periphery and
the core. But it is not clear how to classify a “signal”
tweet, and a more precise method of measuring protest
information tweets does not scale well, as discussed in
the previous paragraph. In addition, the three other
coordinating behaviors discussed above can each signal
peripheral participation. A link to a news article about
the mass protests is not the same as a user saying, “I will
protest tomorrow and I have never protested before,”
even if both tweets come from the same account. Simi-
larly with a photo showing a diverse crowd at a protest.
In Table 4, an attempt is made to measure the signal
component of coordination, and the next subsection
discusses how to tease apart that Coordinationi,t which
is from the core.

Core Coordination

To measure coordination from the core, one has to first
identify individuals at the center the network. Identi-
fying this core is difficult. There are too many users—
20,094 in Bahrain and 79,235 in Egypt alone—in the
Twitter data to assign manually an identity to each one,
and that attempt would result in a low identification
rate because Twitter does not require individuals to
publicly disclose any identification information. One
can measure, however, the number of followers each
account has; this measure, in-degree centrality, is not
as precise a measure of centrality as those created with
complete network data (Kwak, Lee, Park and Moon
2010; Pei, Muchnik, Andrade Jr., Zheng and Makse
2014), but complete network data are not available.
Those in the core are therefore approximated based
on the distribution of popularity in each country. For
the main model, a tweet belongs to a core member
if its author’s number of followers are at or above
the 95th percentile for all users in country i. More
formally,

Core =
{

1 if PRi(f) ≥ 0.95
0 if PRi(f) < 0.95 , (3)

where PR(f) is the percentile ranking of the tweet
based on the number of followers.

Previous work that manually identified a random
sample of users from Tunisia and Egypt informed the
selection of this threshold (Lotan, Ananny, Gaffney,
Boyd, Pearce and Graeff 2011). Table 1 compares the
number of followers and tweet production for the cat-
egories identified in Lotan et al. (2011) with this arti-
cle’s primary popularity threshold; the threshold used
later is bolded. In Tunisia, the core measure appears

to roughly be most similar to bloggers; in Egypt, to
bloggers and activists, though the manually identified
accounts in Egypt are much more popular than any of
the popularity measures. Mainstream media accounts
and employees of mainstream media are the most cen-
tral in each country and skew the country-level results
upwards. The Results section shows that varying the
follower threshold does not change the result. The Sup-
plementary Material also shows how tweet production
and the ratio of the core’s followers to the periphery’s
followers varies by country and threshold; users at the
95% threshold account for 10% of all tweets in Kuwait,
up to 50% in Syria.

Having identified tweets produced from those in the
core, one can then identify when the core engages in co-
ordination. Because hashtags are the primary method
of coordination and high levels of coordination lead to
protest, the percentage of hashtags per country per day
produced from the core is interacted that with the coor-
dination measure. The percent of tweets with hashtags
that are created in the core is defined as

Core Coordinationi,t = Coordinationi,t

∗ 1
K

∗
K∑

k=1

Corek ∗ Hashtagk. (4)

For each country i on each day t, each of the K
tweets is read for whether it contains a hashtag and
is from a core account. The number of those tweets
is divided by the number of tweets in that country-
day and interacted that with that country-day’s level of
coordination, resulting in a core coordination measure
for that country-day. The regression results leave the
constituent parts of the variable as the variable name
to ease interpretation; the summary statistics use the
shortened name to save space.

In-degree—the number of followers an account
has—is chosen to measure core position for three rea-
sons. First, it is the only network centrality measure
which does not require complete network data. Twit-
ter imposes limits on how often one can download
data, making it impossible to create the adjacency
matrix necessary to create measures like Eigenvector
or k-core centrality. Second, one could approximate
a complete network by inferring ties when a retweet
or mention occurs, but that requires pooling data,
losing the time component necessary for this theory
(Barberá, Wang, Bonneau, Jost, Nagler, Tucker and
González-Bailón 2015). Finding “hidden influentials,”
those who follow many more people than follow them
(normal Twitter behavior) and who are mentioned
much more than they mention others (which hap-
pens for well-known accounts like celebrities or politi-
cians) is another strategy, but it again relies on pool-
ing across time (Gonzalez-Bailon, Borge-Holthoefer
and Moreno 2013). Third, this article’s theory is about
how position in a social network correlates with protest
mobilization. If in-degree does not identify those who
influence protest, then that means those in the network
core do not influence protest. Future work should then
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TABLE 1. Comparing Core Measure with Hand-coded Accounts

Group Accounts Followers Avg. Tweet Avg. Mention % Retweet % Hashtag % Link %

Egypt - Lotan 37 15138.71 949.78 0.40 0.06 0.36 0.32
Mainstream Media 1 103927.00 5281.00 0.00 0.00 0.74 0.70
Nonmedia org. 2 23877.40 457.50 0.32 0.07 0.22 0.52
MSM employee 9 22463.50 650.22 0.41 0.01 0.21 0.21
Blogger 15 8394.17 1070.67 0.52 0.08 0.33 0.22
Activist 10 8036.55 703.40 0.42 0.07 0.28 0.33
Core 99.9 percentile 80 37001.28 924.69 0.33 0.02 0.39 0.44
Core 99 percentile 793 7104.31 736.38 0.45 0.05 0.27 0.32
Core 98 percentile 1585 4033.08 591.71 0.46 0.05 0.25 0.31
Core 97 percentile 2378 2875.48 515.21 0.46 0.04 0.25 0.31
Core 96 percentile 3170 2256.03 453.52 0.45 0.04 0.25 0.30
Core 95 percentile 3962 1868.79 409.94 0.45 0.04 0.25 0.30
Blackout 740 8046.33 650.95 0.22 0.05 0.24 0.61

Tunisia - Lotan 10 7942.94 248.60 0.33 0.12 0.59 0.56
Mainstream media 2 5604.49 741.00 0.16 0.12 0.77 0.78
MSM employee 1 52503.00 1.00 0.00 0.00 0.00 1.00
Blogger 3 1910.77 258.33 0.57 0.13 0.30 0.20
Activist 4 2496.28 57.00 0.59 0.09 0.36 0.29
Core 99.9 percentile 7 17749.31 206.71 0.25 0.06 0.22 0.68
Core 99 percentile 62 4880.14 410.92 0.37 0.06 0.27 0.55
Core 98 percentile 123 3095.44 444.93 0.44 0.14 0.31 0.43
Core 97 percentile 184 2392.96 374.43 0.45 0.13 0.31 0.40
Core 96 percentile 245 1968.22 337.18 0.47 0.12 0.30 0.37
Core 95 percentile 307 1681.87 308.22 0.47 0.11 0.31 0.38

Notes: Categories are borrowed from Lotan et al. (2011). They coded for accounts associated with mainstream media organizations,
mainstream new media organizations (news sites that exist only online), mainstream media employees, any organization that is
not a media organization (Vodafone and Wikileaks are their examples), bloggers, activists, digerati, political actors, celebrities,
researchers, bots, and a residual category. Any of those categories not identified here means that no account from that category
was found in the data. The bold rows represent the category used to identify core members. Other categories are used in robustness
checks, with no changes to the results. For a discussion of the Blackout row, please see the Egypt case study.

find ways to identify individual accounts that are influ-
ential; one approach, handcoding accounts by profes-
sion, is explored in Table 5.

MODEL

The base model is

Protestsi,t = β0 + β1 ∗ �i,t−1

+β ∗ Xi,t−1 + Protestsi,t−1 + εi,t, (5)

where � represents the independent variables of inter-
est in each model, X represents a series of controls, and
ε is a stochastic error term. Because the dependent vari-
able is a count of protests, it is an integer always greater
than or equal to zero. Since Protestsi,t is overdispersed
and the zeroes are true zeroes, a negative binomial
model instead of a Poisson or zero-inflated negative
binomial is used.

Because high levels of coordination are colinear with
high levels of hashtag usage, the model controls for the
percent of a day’s tweets that have hashtags, ensuring
that it measures actual coordination and not a coin-
cidental increase in hashtag usage. The models of pe-
ripheral coordination control for the percent of a day’s

tweets which are retweets, contain links, or mention
another user because those features may have some
coordination effect. The models of core coordination
similarly control for the percent of all tweets with at
least one hashtag that are from accounts of the core;
the percent of all tweets that are retweets which are
from core members; and so on for links and mentions.

There are three nonindividual controls: country
fixed-effects, a lagged dependent variable, and a
lagged measure of the number of repression events
as measured by ICEWS. Repression is any event
with a CAMEO code of exhibiting military pos-
ture (event root code 15), coercion (17), using un-
specified unconventional violence (18), a physical
assault (182), torture (1822), or death by physical
assault (1823).

Every variable on the right-hand side is lagged by
one day to mitigate any simultaneity effects. All models
include country fixed effects but no day fixed effects,
as the latter bias the errors and lead to underestimates
of protests. Finally, all models are run with country-
clustered standard errors.

Table 2 shows the correlation between the main in-
dependent variables, and Table 3 shows the average
value of each variable per country (along with each’s
total tweets and protests).
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TABLE 2. Variable Correlation

Protesti,t Coord.i,t−1 Hashtag %i,t−1 Retweet %i,t−1 Link %i,t−1 Mention %i,t−1 Protesti,t−1 Core Core Core Core Repressioni,t Core
Hashtag%i,t−1 Retweet%i,t−1 Link%i,t−1 Mention%i,t−1 Coord.i,t−1

Protesti,t 1 0.281 0.218 − 0.012 0.111 −0.155 0.785 0.178 0.099 0.149 0.1 0.571 0.309
Coord.i,t−1 - 1 0.594 − 0.038 0.101 −0.237 0.295 0.535 0.372 0.519 0.349 0.269 0.88
Hashtag %i,t−1 - - 1 0.203 0.427 −0.448 0.231 0.521 0.351 0.405 0.186 0.185 0.649
Retweet %i,t−1 - - - 1 0.11 −0.233 − 0.013 0.122 0.279 0.156 0.098 0.029 − 0.051
Link %i,t−1 - - - - 1 −0.659 0.106 0.325 0.232 0.23 0.024 0.063 0.291
Mention %i,t−1 - - - - - 1 − 0.155 − 0.344 − 0.265 − 0.3 0 − 0.126 − 0.351

Protesti,t−1 - - - - - - 1 0.175 0.108 0.152 0.1 0.673 0.317
Core hashtag %i,t−1 - - - - - - - 1 0.656 0.702 0.545 0.158 0.729
Core retweet %i,t−1 - - - - - - - - 1 0.583 0.501 0.152 0.467
Core link %i,t−1 - - - - - - - - - 1 0.49 0.142 0.615
Core mention %i,t−1 - - - - - - - - - - 1 0.155 0.417
Repressioni,t−1 - - - - - - - - - - - 1 0.271
Core coord.i,t−1 - - - - - - - - - - - 1

TABLE 3. Variables by Country

Countryi Protestsi,t Tweetsi,t Coord.i,t Hashtag %i,t Retweet %i,t Link %i,t Mention %i,t Core Core Core Core Core
Hashtag %i,t Retweet %i,t Link %i,t Mention %i,t Coord.i,t−1

Egypt 3,379 3,742,648 0.59 0.21 0.04 0.29 0.42 0.52 0.55 0.47 0.48 0.31
Syria 2,057 229,476 0.60 0.34 0.03 0.61 0.22 0.54 0.49 0.48 0.35 0.37
Yemen 1,885 61,517 0.39 0.25 0.05 0.62 0.19 0.52 0.23 0.41 0.24 0.25
Tunisia 882 228,554 0.37 0.25 0.07 0.43 0.40 0.50 0.61 0.37 0.49 0.19
Bahrain 798 1,056,990 0.53 0.22 0.06 0.17 0.42 0.39 0.28 0.46 0.28 0.22
Libya 663 84,991 0.37 0.24 0.11 0.34 0.32 0.42 0.54 0.37 0.38 0.17
Iraq 585 146,113 0.35 0.18 0.09 0.28 0.35 0.44 0.51 0.31 0.43 0.16
Jordan 511 273,227 0.38 0.21 0.06 0.45 0.36 0.45 0.48 0.42 0.38 0.17
Morocco 298 300,454 0.25 0.18 0.07 0.34 0.43 0.40 0.40 0.33 0.34 0.11
Lebanon 261 522,891 0.36 0.21 0.06 0.28 0.41 0.50 0.61 0.50 0.41 0.18
Algeria 248 7,474 0.08 0.21 0.11 0.44 0.34 0.40 0.43 0.36 0.18 0.04
Kuwait 161 29,838 0.09 0.09 0.02 0.13 0.52 0.09 0.02 0.06 0.21 0.01
Saudi Arabia 156 4,425,797 0.48 0.13 0.05 0.16 0.51 0.46 0.37 0.45 0.44 0.23
Oman 150 8,509 0.02 0.09 0.05 0.31 0.48 0.06 0.02 0.11 0.14 0.00
UAE 58 1,531,524 0.35 0.15 0.07 0.20 0.43 0.36 0.37 0.42 0.31 0.13
Qatar 29 1,104,995 0.34 0.12 0.06 0.10 0.43 0.39 0.35 0.37 0.32 0.14
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TESTS

Results

The main results are presented in Table 4. Columns 1
and 2 show coordination only from the periphery, and
columns 3 and 4 build the models for core coordination
in the same way. The main model, used throughout the
rest of the article, is shown in column 5. Across most
models, Coordinationi,t−1, the measure for peripheral
coordination, is significant with a p value much less
than 0.01. The only other significant variables are a
lagged dependent variable (positive), intercept (nega-
tive), lagged repression (weakly positive), and nonin-
fluential hashtag percent (positive). Note that Model
5, the full model, suggests that coordination from the
core is inversely associated with protests.

Because the model is not linear, coefficients do
not directly translate into changes in the outcome
variable. The marginal effects of Coordinationi,t−1 &
Coordinationi,t−1

∗Core Hashtag %i,t−1 are shown in
Figure 2. Going from no coordination to the maximum
observed values leads to about two additional protests,
a 400% increase, while there exists no effect for core
coordination.

A series of time series diagnostic tests confirm the
model specification.6 A Durbin-Watson test for se-
rial correlation returns a test statistic of 1.9741 and
p value of 0.1303, suggesting no serial correlation. The
Dickey-Fuller coefficient is −11.25 and has a p value
less than 0.01, so the dependent variable is stationary
(visual inspection also confirms the stationarity). The
Breusch-Pagan test statistic is 539.09 with a p value
almost at 0; to control for the heteroskedasticity, I use
country-clustered standard errors. Finally, a Lagrange-
Multiplier test with the King & Wu test for two-way
fixed effects returns a chi-square value of −0.81, so it
is safe to avoid using time fixed effects.

Verification

There are three possibilities that may undercut these
findings. First, the models may use the wrong measure
of coordination, both for the core and the periphery.
Second, the operationalization of core members may
be wrong. Third, reliance on machine-coded data may
bias in favor of finding results.

Figure 3 allays the first concern. To confirm that
Coordinationi,t measures coordination, a supervised
learning model for Egypt and Bahrain was created.
Those two countries were chosen because they experi-
enced widespread protest and have too many tweets
to code individually. For each country, 3,000 tweets
were randomly selected and coded into overlapping
categories, one of which was protest information. A
naı̈ve bayes classifier was trained on a random 95% of
each country’s coded tweets; the other 5% was used
to validate out of sample performance. This process

6 A panel OLS model is used for the diagnostics to ease calculation
of the test statistics. Robustness checks show that the panel OLS
results match those of the negative binomial.

was repeated 30 times, and the results were averaged
into a final model; this process is known as bagging and
is akin to bootstrapping in regression. The resulting
model is applied to each country’s tweets, creating a
classification for every single tweet in the sample from
Egypt and Bahrain. Once protest information tweets
are identified, they are aggregated by country-day and
compared to the Coordinationi,t measure. That result
is shown in Figure 3: there is a strong positive rela-
tionship between the measure of coordination and the
actual number of protest information tweets. See the
Supplementary Material for the codebook and more
details on the supervised learning model.

Two placebo tests also address concerns about
Coordinationi,t. The first test shows that the cor-
relation of Coordinationi,t−1 and Protesti,t decreases
substantially as an increasing number of the most pop-
ular hashtags on a country-day are removed, suggest-
ing that coordination on nonprotest hashtags does not
drive subsequent protest. The second test shows that
the correlation of Coordinationi,t and Protesti,t peaks
with a one-day lag and decreases monotonically before
and after. The Placebo Tests subsection addresses these
tests in more detail.

Table 5 addresses the second concern. In column 1,
accounts from Lotan et al. (2011) in this sample are
identified and controlled for. Accounts from activists
or bloggers are called “Online Actors,” while there
are not variables for politician, researcher, digerati, or
celebrity accounts because those were not found in
the sample from either country. It appears that main-
stream media accounts (official accounts of news or-
ganizations) do positively correlate with subsequent
protest. The main coordination measure is still strongly
significant, as is retweet percentage; links appear to
decrease in rate leading up to protests. The second
and third columns of Table 5 show alternative mea-
sures of coordination in the core. Core Reachout %i,t−1
measures the percent of all retweets and mentions
that come from those in the core. Core coordination
may occur through those in the core engaging with
specific individuals (mentions) or acting as informa-
tion brokers (finding important tweets and retweeting
them), not through hashtags. Column 2 controls for
this possibility. On the other hand, the core may have
a coordination effect simply by being active leading up
to protests; their activity may signal a breakdown of
support for the regime, a willingness to incur high per-
sonal costs that inspires the periphery, or they just may
not use hashtags. There appears to be some effect for
tweets from the core—Core Tweet %i,t−1 is significant
at p ≤ 1—but their tweet activity on high coordina-
tion days does not correlate with subsequent protest.
In all three models, coordination from the periph-
ery is still significant and coordination from the core
is not.

To confirm the 95% threshold used to identity the
core, the threshold was varied from the 80th percentile
to the 99.9th, and Model 5 from Table 4 is rerun for
each threshold. Figure 4 shows how the significance
level of Coordinationi,t−1

∗Core Hashtag %i,t−1 varies as
the percentile threshold changes; the vertical lines are
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TABLE 4. Peripheral Coordination and Protest

DV: Protesti,t

Coordination Core Coordination Full Model

(1) (2) (3) (4) (5)

Coordinationi,t−1 1.932∗∗∗ 1.936∗∗∗ 1.809∗∗ 1.830∗∗ 2.575∗∗∗

(0.472) (0.469) (0.766) (0.774) (0.639)
Hashtag %i,t−1 0.707 0.578

(0.539) (0.616)
Retweet %i,t−1 0.405 −0.362

(0.876) (1.019)
Link %i,t−1 −0.536 −0.763∗

(0.386) (0.378)
Mention %i,t−1 − 0.858∗ − 0.921∗∗

(0.512) (0.410)
Repressioni,t−1 0.020∗ 0.020∗ 0.021∗ 0.022∗∗ 0.021∗

(0.011) (0.012) (0.011) (0.011) (0.012)
Protesti,t−1 0.127∗∗∗ 0.121∗∗∗ 0.126∗∗∗ 0.125∗∗∗ 0.116∗∗∗

(0.010) (0.011) (0.010) (0.010) (0.010)
Core hashtag %i,t−1 0.600 0.631 0.900∗∗

(0.393) (0.441) (0.372)
Core retweet %i,t−1 0.063 0.158

(0.398) (0.413)
Core link %i,t−1 0.450 0.711

(0.553) (0.565)
Core mention %i,t−1 −0.485 −0.159

(0.316) (0.258)
Coordinationi,t−1

∗

core hashtag %i,t−1

−0.313 −0.503 −1.868∗∗

(1.302) (1.333) (0.942)
Intercept −0.934∗∗∗ −0.569∗∗ −1.182∗∗∗ −1.295∗∗∗ −1.019∗∗∗

(0.044) (0.229) (0.160) (0.215) (0.207)
Country FE yes yes yes yes yes
N 6,800 6,620 6,800 6,800 6,620
Log likelihood −8,469.486 −8,296.844 −8,463.422 −8,459.476 −8,280.817

Notes: ∗p < 0.1; ∗∗p < 0.05; ∗∗∗p < 0.01. Model 3 includes Coordinationi,t and Core Hashtagi,t−1 because those are the
constituent parts of the measure of influential coordination.

FIGURE 2. Marginal Effects of Peripheral and Core Coordination
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TABLE 5. Robust to Operationalization of Core, Periphery

Protesti,t

Core Manual ID Core Reachout Core Tweet Share
(1) (2) (3)

Coordinationi,t−1 3.041∗∗∗ 1.678∗∗ 2.308∗∗∗

(0.419) (0.729) (0.772)
Hashtag %i,t−1 −1.728 0.412 0.448

(7.574) (0.641) (0.620)
Retweet %i,t−1 12.705∗∗∗ −0.130 −0.246

(1.407) (0.926) (0.934)
Link %i,t−1 −1.525 −0.816∗∗ −0.852∗∗

(1.341) (0.359) (0.374)
Mention %i,t−1 −1.596 −0.701 −0.941∗∗

(6.119) (0.460) (0.433)
Mainstream media %i,t−1 18.313∗∗∗

(5.636)
MSM empl. %i,t−1 62.784

(53.143)
Online actor %i,t−1 −7.310∗∗

(3.191)
Spam %i,t−1 −7.989

(17.187)
Repressioni,t−1 0.016∗∗∗ 0.020∗ 0.021∗

(0.005) (0.011) (0.011)
Protesti,t−1 0.044∗∗∗ 0.118∗∗∗ 0.116∗∗∗

(0.009) (0.010) (0.010)
Core reachout %i,t−1 1.358

(1.247)
Core tweet %i,t−1 1.078∗

Core hashtag %i,t−1 0.416 0.366
(0.514) (0.518)

Core retweet %i,t−1 −0.233 0.101
(0.580) (0.419)

Core link %i,t−1 0.512 0.365
(0.528) (0.650)

Core mention %i,t−1 −1.394 −0.529
(1.092) (0.370)

Coordinationi,t−1
∗core reachout %i,t−1 0.595

(1.074)
Coordinationi,t−1

∗core tweet %i,t−1 −1.276
(1.246)

Intercept 0.335 −0.848∗∗∗ −0.832∗∗∗

(4.195) (0.212) (0.162)
Country FE yes yes yes
N 830 6,620 6,620
Log likelihood −1,712.510 −8,282.427 −8,282.744

∗p < 0.1; ∗∗p < 0.05; ∗∗∗p < 0.01

at ±1.96 to show significance at the 5% level. Figure 4a
shows the result from 10 models, where model 1 uses
a cutoff at the 99.9th percentile and model 10 is at
the 99th; Figure 4b shows the result from 20 mod-
els, where model 1 uses a 99th percentile threshold
and the 20th uses the 80th percentile. In all iterations,
Coordinationi,t−1, Repressioni,t−1, and Protesti,t−1 re-
main significant.

The results in Figure 4 are intriguing. The effect of
core coordination hovers around zero for most of the
threshold’s range and is distinguishable from zero at

the 99th and 99.1st percentiles, as well as at the 95th
percentile. On the other hand, at the upper extreme
of the follower distribution, the 99.7th percentile and
above, the sign on Core Coordinationi,t−1 is positive
and significant using a 95% confidence interval.

The apparent positive effect from core coordination
above the 99.7th percentile should not, however, be
assigned much weight, for three reasons. First, these
models also find that Core Link %i,t−1 is negative and
significant, with an effect from half as strong to equal
with that of core coordination. Second, the pooled re-
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TABLE 6. Core Threshold Descriptive Statistics Across Countries

Country Group Accounts Followers Avg. Tweet Avg. Mention % Retweet % Hashtag % Link %

Algeria 99.7th percentile 2 6786.50 1.50 0.33 0.00 0.33 1.00
Bahrain 99.7th percentile 61 15294.42 530.87 0.17 0.03 0.57 0.49
Egypt 99.7th percentile 238 17975.93 992.12 0.37 0.06 0.32 0.42
Iraq 99.7th percentile 14 23258.58 455.00 0.74 0.07 0.29 0.05
Jordan 99.7th percentile 26 9197.23 436.38 0.19 0.03 0.35 0.73
Kuwait 99.7th percentile 10 25240.53 7.00 0.40 0.07 0.07 0.30
Lebanon 99.7th percentile 52 7997.13 550.71 0.19 0.15 0.26 0.63
Libya 99.7th percentile 11 17287.99 276.36 0.39 0.05 0.59 0.25
Morocco 99.7th percentile 30 19132.81 165.03 0.45 0.03 0.27 0.37
Oman 99.7th percentile 2 122889.50 1.50 0.67 0.00 0.00 0.33
Qatar 99.7th percentile 65 23668.00 428.31 0.42 0.06 0.29 0.33
Saudi Arabia 99.7th percentile 266 13375.55 588.77 0.61 0.03 0.19 0.24
Syria 99.7th percentile 11 5484.73 630.27 0.14 0.02 0.39 0.74
Tunisia 99.7th percentile 19 10068.36 377.95 0.34 0.04 0.31 0.63
UAE 99.7th percentile 142 22961.05 261.39 0.33 0.05 0.32 0.36
Yemen 99.7th percentile 5 5132.13 371.60 0.05 0.00 0.33 0.75

FIGURE 3. Verifying Operationalization of
Coordination

sults are driven by outlier countries with few tweets
and users at or above the 99.7th percentile threshold.
Whether the threshold is 99.7, 99.8, or 99.9, the effect
disappears when the model is rerun using only Bahrain,
Egypt, Jordan, Lebanon, Qatar, Saudi Arabia, and the
United Arab Emirates, the only countries with more
than 10,000 tweets from users at or above the 99.7th
percentile. All these countries are also the only ones
with more than 25 users at this point in the distribu-
tion (except for Morocco, with 30). Because the final
dataset is at the country-day level, it does not distin-
guish between a day in Egypt that may have 500 tweets
from 20 accounts in the 99.7th percentile core from one
in Algeria that has 1 tweets from 1 of the 2 accounts
above the same cutoff. The resulting models therefore

overweight Algerian core users. Rerunning the main
model with only the seven countries just described
therefore provides a more accurate understanding of
the dynamics this far into the followers’ distribution,
and models on these seven countries show no effect
for members of the core. Third, it is more likely than
not that these accounts represent institutions such as
news outlets or nonprofit organizations than people.7
As Table 6 shows, these accounts are frequent tweeters,
and those tweets are more likely to contain hashtags
or links. Such behavior is most similar to how news
organizations use Twitter (Lotan, Ananny, Gaffney,
Boyd, Pearce and Graeff 2011); Table 1 in the Mea-
sures section compares the 99.9th percentile core users
to confirmed news accounts in Tunisia and Egypt, show-
ing similarity between the two. The probability that
these accounts are news organizations is further in-
creased by rerunning the main model using only Ara-
bic tweets. Using only Arabic tweets when the core
is defined at the 99.7th, 99.8th, or 99.9th thresholds,
Coordinationi,t−1

∗Core Hashtag %i,t−1 is not statisti-
cally significant. Overall, the positive effect suggested
in Figure 4a is probably driven by a few media accounts
in countries with less Twitter data than others in the
sample.

Table 7 verifies the ICEWS dependent variable.
ICEWS relies on news reports, and these reports have
well-known biases in coverage (Davenport and Ball
2002; Eck 2012; Herkenrath and Knoll 2011). Machine-
coded events data can suffer from event duplication
(Caren 2014; Hammond and Weidmann 2014), though
one of ICEWS’ strengths is its focus on event dedupli-
cation. The results could therefore be driven by news
media’s bias towards major, unexpected events and du-
plicated events. In the first column of Table 7, ICEWS’
count of public statements is the dependent variable. If
ICEWS simply picks up news activity, it should record

7 I cannot know for sure because the data are anonymized.
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FIGURE 4. Change in Effect Size as Function of Core Threshold

a surge in public statements along with protest, and
coordination will then correlate with public statements.
Column 1 shows that coordination does not correlate
with public statements, suggesting that Protesti,t actu-
ally captures protest.8

The second column shows that the results do not
appear to be driven by duplication. The dependent
variable is Protest Ratei,t, the number of protests on a
country-day divided by the number of ICEWS events
at that time. If ICEWS duplicates, then the protest
rate should not change across the sample and there
will be no correlation between Coordinationi,t−1 and
Protest Ratei,t. Coordinationi,t−1 is still significant and
Coordinationi,t−1

∗Core Hashtag %i,t−1, in line with the
main results.9

Columns 3 and 4 in Table 7 present the final verifica-
tion of ICEWS’ protest count. Since newspapers over-
report major events and ICEWS overreports newspa-
pers, it is possible that the results are driven by the
upper end of the protest distribution. Column 3 drops
all protest-days that have protests three standard devi-
ations above the country’s average, and column 4 drops
all protest-days in the upper quartile of each country’s
protest distribution. In both cases, Coordinationi,t−1 is
significant while elite coordination is not. The main
finding of this article, that coordination occurs along
the periphery of a network, is not an artifact of using
machine-coded data.10

8 Columns 1 and 2 use an ordinary-least squares estimator because
the dependent variable is no longer a count.
9 The Supplementary Material visualizes the protest rate and shows
that it varies in tandem with real-world events.
10 Two new machine-coded projects, the University of Illinois’ Social,
Political, Economic Event Database (SPEED) and the Open Event
Data Alliance’s Phoenix project, are exciting events data projects.
SPEED combines machine-coded data with human verification to

Further verification of the dependent variable is
shown in Figure 5, which shows that ICEWS’ count
of protests strongly correlates with hand-coded data.
The Armed Conflict Location and Event Dataset
(ACLED) is hand-coded and contains data on the num-
ber of riots and protests in Algeria, Egypt, Libya, Mo-
rocco, and Tunisia for 2010 and 2011 (Raleigh, Linke,
Hegre and Karlsen 2010). ACLED provides greater
event granularity than the Social Conflict in Africa
Dataset, another hand-coded events dataset that con-
tains protests (Hendrix, Hamner, Case, Linebarger,
Stull and Williams 2012). The two measures have a
Pearson’s correlation coefficient of 0.468.

The Supplementary Material contains further anal-
ysis. To make sure the model is not sensitive to
specific countries, the main model is run while
throwing out countries that may have overly in-
fluenced results. Removing the five countries with
the highest levels of protests per capita, the
results hold. Removing the five countries with
the lowest levels of protests per capita, the results hold.
Removing the five countries with the most tweets per
capita, the results hold. Removing the five countries
with the fewest tweets per capita, the results hold. I also
include a fixed effect for Fridays, as protests commonly
followed Friday prayers; there is a Friday effect, but

achieve human-level accuracy with machine-coded breadth (Nar-
dulli, Althaus and Hayes 2015). The Phoenix project, an open source
system associated with Pennsylvania State University and Parus
Analytical Systems, is a major evolution of the TABARI system.
Phoenix’s main advantage over ICEWS, which also uses a heavily
modified version of TABARI, is that it releases new data daily, while
ICEWS releases monthly on a one year delay. As of this writing,
SPEED’s public data only go through 2005, and Phoenix’s data
starts on June 20, 2014. Phoenix’s Github page is https://github.com/
openeventdata.
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TABLE 7. Robust to Dependent Variable

Public Statements Ratei,t Protest Ratei,t Protesti,t

All All Drop 3 SD Drop Top Quarter
(1) (2) (3) (4)

Coordinationi,t−1 0.047 0.100∗∗∗ 2.052∗∗∗ 1.498∗

(0.039) (0.036) (0.567) (0.794)
Hashtag %i,t−1 −0.051∗∗∗ 0.058 1.127∗ 0.408

(0.013) (0.026) (0.582) (0.579)
Retweet %i,t−1 0.002 −0.035 −0.628 −0.755

(0.032) (0.035) (0.749) (0.587)
Link %i,t−1 0.029∗∗ −0.035 −0.069 0.671

(0.013) (0.025) (0.385) (0.464)
Mention %i,t−1 0.003 0.003 0.242 0.726

(0.021) (0.021) (0.600) (0.561)
Public statements ratei,t−1 0.099∗∗∗

(0.013)
Repression ratei,t−1 0.047∗∗

(0.020)
Repressioni,t−1 0.036∗∗∗ 0.056∗∗∗

(0.016) (0.020)
Protest ratei,t−1 0.356∗∗∗

(0.035)
Protesti,t−1 0.122∗∗∗ 0.063∗∗∗

(0.011) (0.010)
Core hashtag %i,t−1 −0.00002 0.029∗∗∗ 0.301 −0.625

(0.031) (0.018) (0.271) (0.697)
Core retweet %i,t−1 0.011 −0.001 0.112 −0.122

(0.007) (0.014) (0.295) (0.117)
Core link %i,t−1 0.036 −0.001 0.972∗∗ 1.252∗∗

(0.023) (0.014) (0.405) (0.622)
Core mention %i,t−1 −0.004 −0.006 −0.227 −0.136

(0.025) (0.017) (0.282) (0.333)
Coordinationi,t−1

∗core hashtag %i,t−1 −0.021 −0.068 −1.291 1.119∗∗∗

(0.059) (0.064) (0.973) (0.343)
Intercept 0.069∗∗∗ 0.041∗∗ −2.062∗∗∗ −3.783∗∗∗

(0.021) (0.016) (0.368) (0.497)
Model OLS OLS Neg. Binom. Neg. Binom.
Country FE yes yes yes yes
N 6,620 6,620 6,471 2,916
R2 0.091 0.221
Adjusted R2 0.088 0.218
Log likelihood −7,244.759 −1,765.218

∗p < 0.1; ∗∗p < 0.05; ∗∗∗p < 0.01

it does not change the effects of coordination or core
coordination. These results suggest that the coordina-
tion patterns are widespread throughout the dataset
and not dependent on a few countries or specific days.

To address concerns about machine-coded data, it
uses the ACLED measures as a dependent variable
and shows that coordination may still occur without
the core’s coordination, though ACLED’s little vari-
ation on the dependent variable means most results
do not attain traditional levels of statistical signifi-
cance. In results not presented, ICEWS is shown to
correlate with GDELT (Leetaru and Schrodt 2013),
another machine-coded events dataset; their Pearson
correlation coefficient is 0.785. All models presented
here and in the Supplementary Material were rerun

using GDELT, and all results hold. Finally, the Supple-
mentary Material shows that the number of protests
recorded on a country-day in ICEWS correlates with
the estimated number of people who protested in a
country on that day, as recorded by the Social Conflict
in Africa Dataset (Saleyhyan and Hendrix 2012).

To make sure that domestic actors seeking to draw
international attention do not drive coordination, the
Twitter-based variables are generated using only Ara-
bic tweets. The results hold.

The Supplementary Material also shows the in-
ternal validity of the dependent variable and treat-
ment. ICEWS records different numbers of protest
across countries and days in ways that accord with
those countries’ protest periods. For example, ICEWS
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FIGURE 5. ICEWS Correlates with
Handcoded Data

records Morocco’s initial protests on February 20,
2011 as well as subsequent flares throughout the year.
It reveals, however, that Morocco experienced fewer
protests than Egypt and Bahrain, reflecting perhaps
the regime’s greater legitimacy or more adroit handling
of the protests (Benchemsi 2014). ICEWS shows that
Qatar experienced very little protest, with the recorded
incidences probably reflecting noise in the coding pro-
cess. Moreover, tracking the most common hashtags
per day shows that they were protest related hashtags.
In other words, Coordinationi,t measures protest hash-
tags, not popular hashtags about nonprotest activity.

Placebo Tests

Two placebo tests confirm that the results on coordina-
tion are not a result of measurement error.

First, the coordination measure is calculated for each
country-day while excluding the top 5, 10, and 20 most
common hashtags for each day. The resulting coordi-
nation is therefore the coordination that occurs on less
common hashtags, which are more likely to be non-
protest hashtags. (Hashtags were not manually iden-
tified so that the measure could scale easily across
countries and days.) If coordination on less common
hashtags correlates with protest as much as coordina-
tion on all hashtags, then the operationalization has
mistaken chatter focused on nonprotest hashtags with
protest coordination.

The results in Table 8 confirm that the original
Coordinationi,t measures protest coordination. The ta-
ble shows the results of models where an increasing
number of the most common hashtags per day—5, 10,
then 20—are excluded from Coordinationi,t. The coef-
ficient on Coordinationi,t ranges from 39.3% to 43.6%
smaller (it is 2.575 when not excluding hashtags) and

FIGURE 6. Coordinationi,t Peaks with
One-day Lag

decreases as an increasing number of hashtags are re-
moved. At the same time, the coefficient on Hashtag
%i,t−1 is now significant in each model (it was not signif-
icant in the original model), increases as more hashtags
are removed, and almost triples is size compared to the
full model. Not measuring the coordinating effect of
the most popular hashtags pushes the correlation to
Hashtag %i,t−1. Note as well that the signs, coefficient
size, and results on the other coefficients are very sim-
ilar to their values in the original model.

Second, the main model, Model 5 from Table 4, is re-
run with different lags and leads on Coordinationi,t−1; if
Coordinationi,t−1 does not measure coordination, there
should be no change in coefficient size as the lags and
leads change. In fact, as Figure 6 shows, the effect size is
much larger for a one-day lag than it is for two- or three-
day lags, and thereafter it decreases monotonically. The
models suggest a positive correlation between a day’s
protest and future correlation, but this correlation is
never as strong as it is for a one-day lag, and it de-
creases as the future moves further away. These results
are consistent with the theory of spontaneous collec-
tive action, as the theory does not say protest cannot
affect future coordination, only that past coordination
affects future protest. As Table 3 of the Supplementary
Material shows, controlling for past protests does not
change the results on Coordinationi,t−1.

EXOGENOUS IDENTIFICATION OF THE
CORE IN EGYPT

This section takes advantage of a sudden increase in the
difficulty of accessing the internet in Egypt to identify
core members of the Egyptian social network. Those
who could access the internet during this period are
more likely to be in the core than those who could not,
so tracking their communicative behavior throughout
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TABLE 8. Coordination in the Hashtag Long Tail

Protesti,t

Remove Top 5 Remove Top 10 Remove Top 20
(1) (2) (3)

Coordinationi,t−1 1.563∗∗ 1.537∗∗ 1.450∗∗

(0.687) (0.686) (0.721)
Hashtag %i,t−1 1.305∗ 1.423∗ 1.534∗∗

(0.687) (0.727) (0.677)
Retweet %i,t−1 −0.388 −0.473 −0.505

(0.967) (0.980) (0.952)
Link %i,t−1 −0.772∗∗ −0.771∗∗ −0.776∗∗

(0.386) (0.378) (0.372)
Mention %i,t−1 −0.884∗∗ −0.889∗∗ −0.877∗∗

(0.382) (0.389) (0.387)
Protesti,t−1 0.121∗∗∗ 0.122∗∗∗ 0.122∗∗∗

(0.011) (0.011) (0.011)
Repressioni,t−1 0.023∗ 0.023∗ 0.022∗

(0.013) (0.013) (0.013)
Core hashtag %i,t−1 0.666 0.692 0.687

(0.512) (0.512) (0.510)
Core retweet %i,t−1 0.244 0.249 0.234

(0.451) (0.461) (0.456)
Core link %i,t−1 0.632 0.633 0.639

(0.549) (0.539) (0.535)
Core mention %i,t−1 −0.259 −0.286 −0.303

(0.247) (0.242) (0.238)
Coordinationi,t−1

∗core hashtag %i,t−1 −1.085 −1.185 −1.152
(0.986) (0.946) (0.907)

Intercept −0.953∗∗∗ −0.976∗∗∗ −0.988∗∗∗

(0.214) (0.197) (0.183)
Country FE yes yes yes
N 6,620 6,620 6,620
Log likelihood −8,303.888 −8,305.026 −8,306.342

∗p < 0.1; ∗∗p < 0.05; ∗∗∗p < 0.01

the study should more precisely identify any role for the
core. Those in the core according to this identification
strategy also do not lead to protest mobilization.

Egypt’s January 25 protests surprised everyone—
activists, bystanders, and state authorities—with its
large mobilization and brief occupation of Tahrir
Square. The Mubarak regime had spent the previous
days denying that the events in Tunisia would spread to
their country, despite a spate of imitation immolations
(Khalil 2011, 127). Many Muslim Brotherhood leaders,
despite not having sanctioned the protests, were sum-
marily jailed, as the government assumed only it could
mobilize such a crowd. With the next major protest
called for January 28 after Friday prayers, the govern-
ment suspended cell phone service and internet access
just after midnight on January 28 (the morning of the
28th). The government appears to have figured that
people would not protest if they could not communi-
cate with one another; the plan backfired, as Egyptians
had no way to communicate except by going outdoors.
Instead, the blackout led to more protests (Hassanpour
2014).

Contrary to conventional wisdom, digital communi-
cation was not completely severed. One internet ser-

vice provider, Noor, functioned through the end of
January 31; it provided connectivity for critical govern-
ment functions, the Cairo stock exchange, and several
international hotels (Glanz and Markoff 2011). Indi-
viduals who knew to go to hotels or who had friends
with access to Noor could therefore use Twitter; even
on the one day without any internet access, February 1,
one could use landlines, dial-up modems, and Google’s
“Speak to Tweet” service to get online (Gunning and
Baron 2013, 286). The blackout therefore increased the
cost of accessing the internet, limiting it to those with
expertise or social connections with those who still had
access.

Anyone observed tweeting from Egypt between Jan-
uary 28 through February 1 can therefore reasonably
be classified as belonging to the core of Egypt’s net-
work, regardless of their Lotan et al. coding or number
of followers. This dataset observed 740 accounts that
used Twitter from Egypt during the blackout, with a
maximum of 338 tweeting on February 1. In terms of
Twitter behavior, they are most similar to Egyptian
bloggers and activists or those in the 99th percentile
of the follower distribution. These users, who I call
the blackout core, have an average of 8046 followers,
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FIGURE 7. Blackout Influentials and Protest (a) Blackout Influentials and Protest (b) Blackout,
Nonblackout Influentials

and are responsible for an average of 650 tweets and
12.05% of all tweets. How they use Twitter differs, how-
ever: they retweet less often (4.74% of their tweets are
retweets) than bloggers and activists (8% and 7%) but
about as often as those in the 99th percentile, and they
mention other users very infrequently—at 21.66%, less
frequently than any other group in the sample. They
use hashtags less frequently, in 21.66% of tweets, than
bloggers, activists, or those in the 99th percentile. Yet
59.36% of their tweets contain a link, more than any
other Egyptian group except Mainstream Media. That
the blackout identification accords with the follower-
based measure of influence used throughout the article
provides reassurance about the validity of those mea-
sures.

Figure 7 shows how the blackout accounts’ co-
ordination correlates with Coordinationi,t and Core
Coordinationi,t and protest (size of each point). Black-
out Core Coordinationt was calculated the same way as
Core Coordinationi,t except that having tweeted during
the blackout, not number of followers, is the group-
ing variable. For both measures, shown respectively in
Figures 7a and 7b, there is strong correlation in the
early part of new measure and the other two coordina-
tion variables. The day with the lowest level of lagged
blackout coordination is January 28, the first day of the
blackout; this result makes sense since January 27 was a
more representative sample of Egyptian Twitter users
than later days would be. The key is to pay attention to
the distribution of the size of the points: days with many
protests occur across a range of Blackout Coordinationt
values.

Replicating the main models from the Main Re-
sults section confirms that peripheral coordination

drives protest mobilization. Table 9 shows these re-
sults: Blackout Coordinationi,t−1 is not significant in
any model. The only stable result from the models is
Blackout Mentioni,t−1, which is positive and significant.
Though they infrequently mention other accounts, in
comparison to the other categories used to delineate
the core, they are more likely to do so during protest
events.

DISCUSSION

This article claims that coordination occurs through
those with few social connections, and this coordina-
tion leads to protest mobilization. These peripheral
network individuals outweigh those in the core because
protests diffuse through a complex contagion process,
a process which, in the context of protests, requires
distributed coordination to spread. These results join a
growing body of quantitative work at the intersection
of information and communication technology and
state repression. Jan Pierskalla and Florian Hollenbach
find that, in Africa, cell phone coverage increases the
probability of violent conflict (Pierskalla and Hollen-
bach 2013). Jacob Shapiro and Nils Weidmann find the
opposite effect in Iraq; using time-variant data on new
cell phone coverage, they find that the provision of cel-
lular coverage decreases insurgent violence (Shapiro
and Weidmann 2011). Gary King, Jennifer Pan, and
Molly Roberts measure censorship on Chinese blogs;
they find that Chinese censors target posts which could
generate collective action but are more permissive of
writings critical of the Communist Party (King, Pan and
Roberts 2013).
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TABLE 9. Blackout Accounts do not Provide Coordination

Protestt

(1) (2) (3) (4) (5)

Coordinationt−1 0.592 4.420∗∗∗ 4.677∗∗∗ 4.283∗∗∗ 4.904∗∗∗

(0.447) (0.952) (1.037) (1.036) (1.176)
Hashtag %t−1 −11.399∗∗∗ −10.446∗∗∗

(2.550) (2.944)
Retweet %t−1 14.286∗ 13.877

(7.767) (10.516)
Link %t−1 −2.863 2.556

(2.606) (3.033)
Mention %t−1 −7.604∗∗ −8.928∗∗∗

(3.086) (3.363)
Protestt−1 0.049∗∗∗ 0.034∗∗∗ 0.043∗∗∗ 0.046∗∗∗ 0.043∗∗∗

(0.007) (0.007) (0.007) (0.007) (0.008)
Repressiont−1 0.012 0.014 0.011 0.017 0.008

(0.018) (0.018) (0.018) (0.018) (0.017)
Blackout coordinationt−1 −63.086∗∗∗ −59.331∗∗∗ −44.432∗∗

(17.901) (22.485) (22.651)
Blackout hashtag %t−1 45.164∗∗∗ 22.291 19.221

(13.042) (18.716) (19.351)
Blackout retweet %t−1 50.241∗∗ 28.044

(22.693) (26.984)
Blackout link %t−1 −3.888 −19.470∗∗∗

(4.163) (5.792)
Blackout mention %t−1 18.620∗∗ 31.304∗∗∗

(7.738) (8.516)
Constant 0.776∗∗∗ 4.493∗ −1.942∗∗∗ −1.721∗∗ 3.390

(0.263) (2.299) (0.692) (0.698) (2.488)
Country FE no no no no no
N 425 415 415 415 415
Log likelihood −1,130.493 −1,080.934 −1,088.982 −1,080.382 −1,070.603

∗p < 0.1; ∗∗p < 0.05; ∗∗∗p < 0.01

Focusing on modern authoritarian countries may re-
strict the generalizability of this finding. It may also
be that modern telecommunication technologies—
phones, fax machines, and mass media, not just social
media—facilitates mobilization by making it easier for
peripheral members to learn of other protests or coor-
dinate without core social network actors (Hale 2013;
Warren 2014; Weyland 2012); if that is the case, core
social network members may have driven mobilization
in earlier centuries. In countries where the state en-
gages in less repression, especially before the start of
protests, it may be that core social network members
mobilize the periphery. Core network members may
also behave in ways not recorded in events or social
media data. Each possibility represents an intriguing
avenue for subsequent research.

This article uses Twitter data to make claims about
off-Twitter behavior, but the usage of Twitter data in-
troduces two sampling concerns. First, services exist
which allow individuals to buy followers, so those ac-
counts here identified as belonging to the core may
therefore not be true core members. In fact, the ac-
counts most likely to buy followers are those desiring
to be in the core and so behaving like core members:

politicians, celebrities, or small businesses (Stringhini,
Wang, Egele, Kruegel, Vigna, Zheng and Zhao 2013).
Moreover, these types of accounts are likely to engage
in more tweet and hashtag production than others,
increasing the amount of coordination coming from
the core (Wu, Hofman, Mason and Watts 2011). While
the buying of followers does not appear to have been
a systematic practice in any of the countries during
this study’s period, that practice would bias in favor of
finding core coordination.

Second, it is possible that individuals in the offline
core select out of the Twitter core to avoid state re-
pression, so the peripheral coordination may derive
from peripheral Twitter accounts that belong to core
members outside of Twitter. Though possible, work
that has manually identified accounts in Tunisia and
Egypt has been able to identify accounts belonging to
political activists, suggesting online evasion may not be
extensive (Lotan, Ananny, Gaffney, Boyd, Pearce and
Graeff 2011). Identification of users from Lotan et al.
(2011) in these data show that their tweets correlate
negatively with subsequent protest (see Table 5, Model
1). Ethnographic work from Egypt shows that certain
individuals believed their social network accounts to
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be monitored, but they did not respond by creating
more social media accounts (Gunning and Baron 2013,
284–7).

Despite the reliance on social media data, this article
does not address whether they, or telecommunications
more broadly, affect protest. On one hand, social me-
dia may increase subsequent protest if it causes more
individuals to learn about the state’s actions and those
individuals protest when they would not have without
the knowledge-providing role of social media. Yet the
knowledge-providing role could have counterbalanc-
ing effects: as more people learn the resolve of the state
against protesters, fewer individuals may protest than
otherwise would have. Appropriately answering this
question requires data with very precise location in-
formation, preferably with temporal variation of social
media presence. These data exist and have been used
to test violence in Africa (Pierskalla and Hollenbach
2013) and Iraq (Shapiro and Siegel 2015; Shapiro and
Weidmann 2011), but the results are contradictory.

The article assumes that behavior on online net-
works parallels that of offline interpersonal ones, allow-
ing researchers to make inferences on heretofore hid-
den behaviors; research comparing behavior on Twitter
to behavior off it lends credence to this assumption.
Large analyses of Twitter show that user behaviors are
the same as those observed offline: the distribution of
followers follows a power-law distribution (Kwak, Lee,
Park and Moon 2010), users connect to people who
look like them (homophily) (Zamal, Liu, and Ruths
2012), friends offline follow each other on Twitter (Xie,
Li, Zhu, Lim and Gong 2012), Dunbar’s number ap-
plies to users on Twitter (Dunbar, Arnaboldi, Conti
and Passarella 2015), and interaction decreases with
geographic distance (Kulshrestha, Kooti, Nikravesh
and Gummadi 2012). Substantively, survey work on
activists in the U.S. Civil Rights movement and East
Germany’s 1989 protests shows that knowing others
who had protested is the strongest correlate with a
respondent’s decision to participate (McAdam 1986;
Opp and Gern 1993), and surveys of protesters in Tahrir
Square show that individuals learned about the protests
primarily through interpersonal connections or satel-
lite television (Tufekci and Wilson 2012). Using Twitter
data allows the researcher to observe these patterns
across more spaces and time than before, but using the
data does not reveal whether Twitter, and online social
networks more generally, affects offline interpersonal
networks.

No work has been able to show if social media cause
protest, as it is very difficult to know which countries
or regions of countries do or do not have a social me-
dia platform and then compare those areas to similar
places without social media. Because of the difficulty
of isolating social media’s affect, this article has cho-
sen not to ask that question. The point of using social
media data is to better understand our world. Social
media data, especially that which is publicly available,
resolves the temporal resolution problem facing pre-
vious work, but connecting those data with detailed
spatial data is still a challenge. Because of limits in the
data for protests and the paucity of tweets from these 16

countries with GPS coordinates, for example, analysis
here was restricted to the country level.

This article demonstrates the contributions big data
can make to understanding processes of social influ-
ence in social networks. Researchers have begun to
understand how these data can provide new insights
into political phenomena such as voting (Bond, Fariss,
Jones, Kramer, Marlow, Settle and Fowler 2012) or ide-
ological sorting (Barbera 2015). These data primarily
come from online social networks such as Facebook or
Twitter, though anonymized call records, YouTube, or
discussion boards (Nielsen 2012) are often used. While
an ideal research design would randomly assign treat-
ments in order to measure influence (Aral and Walker
2012; Muchnik, Aral and Taylor 2013), observational
studies on these new datasets may allow researchers
to observe and measure otherwise hidden mechanisms
(Grimmer 2015; Monroe, Pan, Roberts, Sen and Sin-
clair 2015; Shah, Cappella and Neuman 2015). For ex-
ample, studies of protest mobilization have relied on
post hoc surveys, but social media allow one to observe
how individuals behaved, not how individuals reported
they behaved.

Properly used, social media data should become an-
other tool for researchers, and it is most likely to gen-
erate knowledge when used as a window into already
existing processes (Bennett and Segerberg 2013). It is
not clear that social media create new behaviors or
fundamentally change social relations. Its main effect
is to lower the cost of communication, and lowering the
cost of communication also lowers the cost of data gath-
ering. But lower costs do not clearly favor one group
of actors over another: the printing press created Mar-
tin Luther’s 95 Theses as well as Russia’s Pravda, and
states have learned how to use the internet and social
media to repress (Hoffman 2015; Rod and Weidmann
2015). Using social media data to understand social
behavior is therefore the main benefit of “big data.”
If social scientists have been stuck looking for keys
under a streetlight, they now have access to stadium
lights. Even stadium lights leave much of the world in
the shadows.
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Barberá, Pablo, Ning Wang, Richard Bonneau, John T. Jost,
Jonathan Nagler, Joshua Tucker, and Sandra González-Bailón.
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