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Abstract
We develop a measure of a regime’s tolerance for an action by its citizens. We ground our
measure in an economic model and apply it to the setting of political protest. In the model,
a regime anticipating a protest can take a costly action to repress it. We define the regime’s
tolerance as the ratio of its cost of repression to its cost of protest. Because an intolerant
regime will engage in repression whenever protest is sufficiently likely, a regime’s tolerance
determines the maximum equilibrium probability of protest. Tolerance can therefore be identified from the distribution of protest probabilities. We construct a novel cross-national database
of protest occurrence and protest predictors, and apply machine-learning methods to estimate
protest probabilities. We use the estimated protest probabilities to form a measure of tolerance
at the country, country-year, and country-month levels. We apply the measure to questions of
interest.
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Introduction

Citizens often take actions, such as protest or criticism, that the governing regime would rather
avoid. Measuring the regime’s tolerance for such actions is complicated by several factors. The
de jure tolerance of an action, for example as enshrined in a national constitution, may not be a
good guide to the de facto tolerance of the action.1 The frequency with which an action occurs
may reflect both the extent to which the regime tolerates the action and the extent to which citizens
wish to undertake it.2 The frequency with which an action is repressed may likewise reflect both
how often citizens undertake the action and how the regime responds when they do.3
In this paper we introduce a new measure of tolerance based not on the frequency of an action
but on its predictability. We take political protest as our leading application. We ground our
measure in an economic model. We construct our measure using a new daily, cross-national panel
of protest occurrence and protest predictors. We illustrate the value of the measure by applying it
to questions of interest.
In our model, a regime chooses a level of repression after observing a state of nature and a
mobilization decision by an opposition, both of which can influence the probability of protest.
Both repression and protest are costly to the regime. We define the regime’s tolerance as the ratio
of its cost of guaranteeing that no protest occurs, to its cost of one occurring. Under conditions
we specify, the regime’s tolerance determines an upper bound on the equilibrium probability of
protest—if protest were more likely than this upper bound, the regime would repress it.
We establish further conditions under which the upper bound is attained, or at least approached,
in equilibrium. Under these conditions, tolerance is identified from the distribution of equilibrium
protest probabilities. The distribution of equilibrium protest probabilities is in turn identified from
the joint distribution of protest and the state of nature observed by the regime. In the more realistic
situation in which the econometrician observes a coarsening of the regime’s information, a lower
bound on tolerance is identified. Our approach to identification is nonparametric in that it does not
require knowledge of, or parametric restrictions on, primitive functions such as those governing
the level of grievances or the technology of mobilization.
1 Article

67 of the Constitution of the Democratic People’s Republic of Korea (North Korea) states that “Citizens are
guaranteed freedom of speech, the press, assembly, demonstration and association” (Constitution Project 2021).
2 From 2009 through 2020, the Mass Mobilization Project records the same number (two) of protests against the
government in both Austria and Eritrea (Clark and Regan 2021).
3 Carey (2006, Figure 1) finds that semi-democracies have higher rates of both protest and repression than do autocracies. Asal et al. (2018) find that more democratic countries are more dangerous for journalists because they provide
more opportunities to be in harm’s way. See also Munck and Verkuilen (2002, p. 16).
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Building on our approach to identifying tolerance, we lay out an approach to estimating it.
The ingredients of the approach are data on protest occurrence and data on predictors of protest.
We assemble an original daily, cross-national panel of protest occurrence and protest predictors.
The core variables in the panel come from automated text parsing of security alerts obtained from
Crisis24, a global risk management firm. Importantly, in addition to information about past or
ongoing protests, these alerts include information about anticipated future protests. We supplement
these data with information on search query volume, news media mentions, and social media
mentions, all of which can provide additional advance signals of protest occurrence. Our main
sample includes 150 countries over the years 2010-2019.
We apply machine-learning methods to predict protest occurrence in these data. We use the
estimated protest probabilities to construct our measure of tolerance. We use a sample-splitting
approach to avoid overfitting and to facilitate statistical inference. We present simulation evidence
on the performance of our measure.
We use our measure of tolerance in two applications. The first is to the study of political bias
in expert ratings of freedom. As part of its annual Freedom in the World report (Freedom House
2021a), Freedom House uses expert input to assign numerical freedom ratings to different countries (Freedom House 2021b). Scholars have hypothesized that Freedom House’s ratings are biased
toward governments that support US foreign policy positions (e.g., Steiner 2016; Bush 2017). Testing this hypothesis is difficult without a measure of tolerance that is politically unbiased; because
our measure is machine-generated, we think it plausibly meets this criterion. We test for political
bias in Freedom House ratings by asking whether, for a given Freedom House rating, our estimate
of tolerance is lower for countries more closely aligned with US positions according to their votes
in the UN. We find no evidence of the hypothesized bias.
The second application is to the role of elections in non-democracies. An existing literature
studies the occurrence of political unrest surrounding elections (e.g., Tucker 2007; Harish and
Little 2017). Studying the dynamics of tolerance for protest around elections is difficult without
a sub-annual measure of tolerance. Using a version of our measure calculated at the country and
month level, we find that both the tolerance and the incidence of protest are greater in election
months, but the increase in tolerance is greater for non-democracies than for democracies.
A large literature studies methods for comparing human rights or civil liberties across countries and over time. Existing measures of de facto freedoms are based on expert ratings (e.g.,
Cingranelli, Richards, and Clay 2014; Freedom House 2021b), population surveys (e.g, Logan and
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Mattes 2012; Pickel, Breustedt, and Smolka 2016), or data on the occurrence of repression (e.g.,
Franklin 2008; Fariss 2014; Chilton and Versteeg 2015).4 Such measures are important for many
reasons, including their prominent role in social science research,5 and in the decision-making
processes of governments and international organizations.6
We contribute a new approach to measuring tolerance that is grounded in an economic model
and is fully automated given data inputs. We are not aware of prior work exhibiting a formal
model of strategic behavior in which tolerance is identified even absent observed acts of repression. Grounding our approach in a formal model helps to make our identifying assumptions explicit. Expert ratings have been criticized in the scholarly literature for possible political bias (e.g.,
Mainwaring, Brinks, and Pérez-Liñan 2001; Steiner 2016; Bush 2017), lack of transparency (e.g.,
Munck and Verkuilen 2002, p. 21; Bradley 2015, p. 38), and failure to quantify uncertainty (e.g.,
Høyland, Moene, and Willumsen 2012; see also Armstrong 2011). Because our approach is reproducible given data inputs, and is amenable to statistical inference, it may avoid these drawbacks.
Automation also makes it possible to compute our measure at, say, the monthly level, a finer time
scale than is available for, say, Freedom House ratings. Our applications highlight some of these
advantages.
Our approach also has important limitations. The formal assumptions that we require for identification are substantive, as are the assumptions we make about the input data. We discuss these
issues in the paper and show results from some related simulation, falsification, and sensitivity
exercises in the paper and appendix.
A recent literature applies modern statistical methods to predict civil unrest using data from
news media, social media, and other sources (e.g., Ramakrishnan et al. 2014; Hoegh et al. 2015;
Hoegh, Ferreira, and Leman 2016; Hoegh 2019; Qiao et al. 2017; Bagozzi, Chatterjee, and
4 See

the typology in Landman (2004). Some scales incorporate information on de jure freedoms including those
guaranteed by constitutions (e.g., Merkel et al. 2018). For an analysis of the relationship between such guarantees
and de facto freedoms, see, for example, Keith and Poe (2004) and Keith, Tate, and Poe (2009).
5 See, for example, Barro (1991), Burkhart and Lewis-Beck (1994), Rodrik (1999), Baum and Lake (2003), Brunetti
and Weder (2003), Abadie (2006), Shi and Svensson (2006), Acemoglu et al. (2008), Leeson (2008), Esteban,
Mayoral, and Ray (2012), Murtin and Wacziarg (2014), and Acemoglu et al. (2019).
6 For example, the US Millennium Challenge Corporation incorporates Freedom House’s indices into its criteria for
determining a country’s eligibility for assistance (Millennium Challenge Corporation 2020). Canada’s Country Indicators for Foreign Policy project integrates Freedom House indicators into data aimed at providing guidance to
development-agency staff (Carment 2010). Bush (2017) finds that Freedom in the World ratings are regularly referenced in the US Congress. House Resolution 345 of the 116th Congress cites Freedom House findings on trends in
freedom of expression (U.S. Congress 2019). The Open Government Partnership Global Report cites Freedom House
data in the context of identifying potential areas for future work and improvement (Open Government Partnership
2019, pp. 72, 78, and 96).
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Makherjee 2019; Ross et al. 2019).7 The focus of much of this work is on the predictive task
itself, whereas our work uses the estimates from a predictive model as an input to learning a parameter of interest defined in an economic model.8
A large theoretical literature, reviewed for example in Gehlbach, Sonin, and Svolik (2016),
studies the dynamics of protest, dissent, and repression, especially in autocracies (see also Davenport 2007; Earl 2011; Davenport et al. 2019).9 The goal of our model is to support identification of
tolerance in the presence of substantial unobserved heterogeneity across environments. As a result,
our model is more stylized than in much of the prior literature, with many aspects of the environment subsumed in abstract objects such as the state of nature and the mobilization technology. To
our knowledge, the key qualitative implication of our model—that protest is less predictable in less
tolerant regimes—is novel.10 We are not aware of prior evidence on this prediction.11
The rest of the paper proceeds as follows. Section 2 presents the model, characterizes its equilibrium, and lays out our approach to identification. Section 3 lays out our approach to estimation
and inference. Section 4 describes our data, implementation, and evidence on estimator performance. Section 5 presents our results and applications. Section 6 concludes.

2

Model of Protest and Repression

2.1

Setup and Definitions

There is a set of environments (say, countries) indexed by i. Time t is discrete. In each environment
i, nature determines a state ωit ∈ [0, ω i ] in each period t from a time-invariant distribution with
ω i > 0. We may think of the state as summarizing the level of grievances or other factors that
influence the likelihood of protest. After observing the state ωit , the opposition decides on a
mobilization effort mit ∈ [0, mi ]. After observing the state ωit and the mobilization effort mit , the
regime chooses a level of repression rit ∈ [0, ri ] with ri > 0. A protest then occurs with probability
7 Other

recent work studies prediction of related outcomes such as armed conflict (e.g., Mueller and Rauh 2018).
broadly, our work relates to recent literature applying innovations in machine learning (Varian 2014; Belloni,
Chernozhukow, and Hansen 2014; Athey 2015; Kleinberg et al. 2015; Shapiro 2017; Mullainathan and Spiess 2017)
and in the measurement of digital activity (Einav and Levin 2014) to problems in social science.
9 Because we model repression as an action by the regime that reduces the ex ante likelihood of protest, our work is
particularly related to models of preemptive repression (e.g., De Jaegher and Hoyer 2019).
10 Langørgen (2016) argues that organized and spontaneous protests are likely to have different causal structures. Kuran
(1991) studies the predictability of revolution.
11 For past work on the empirical dynamics of protest, dissent, and repression, see, for example, Moore (1998), Carey
(2006, 2009), and Ritter and Conrad (2016).
8 More
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λi (ωit , mit , rit ) where λi (·) is a function increasing in its first two arguments and decreasing in its
last.
We impose the following additional structure on the function λi (·).
Assumption 1. In each environment i, the function λi (·) satisfies the following conditions:
(a) λi (ω, m, ri ) = 0 for all ω ∈ [0, ω i ], m ∈ [0, mi ].
(b) λi (ω, m, r) is concave in r for all ω ∈ [0, ω i ], m ∈ [0, mi ].
(c) λi (ω, m, 0) is continuous in m for all ω ∈ [0, ω i ].
The conditions of Assumption 1 are satisfied, for example, by the function
λi (ω, m, r) =

ω (m + k)
ri − r
ri (ω i − ω) + ω (m + k)

(1)

where k is a strictly positive constant.
The regime’s and opposition’s payoffs in period t are, respectively,
πitr = −Li zit − rit

(2)

πitm = Bi zit − mit
where Li , Bi ≥ 0 are nonnegative scalars and zit ∈ {0, 1} is an indicator for whether protest occurs
in period t. Payoffs for the regime and opposition are each discounted by some discount factor
strictly below 1, possibly differing between the regime and opposition. If the regime is indifferent
among two or more levels of repression, it chooses the lowest of these.
If the regime represses fully, choosing r = ri , then under Assumption 1(a) no protest occurs,
so zit = 0, and from (2) the regime’s payoff is −ri . If the regime does not repress at all, choosing
r = 0, and protest does occur, so zit = 1, then from (2) the regime’s payoff is −Li . Thus the ratio of
the cost of full repression to the cost of protest is ri /Li .12 If this ratio exceeds one, then the regime
prefers to allow a protest to proceed with certainty (yielding payoff −Li ) rather than to repress it
fully (yielding −ri ). These observations motivate the following definition.
Definition 1. The tolerance τi of the regime in environment i is given by



ri
τi = min
,1 .
Li
12 If

Li = 0 we may define this ratio as infinity.
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The goal of our analysis is to establish conditions for the identification of τi .
2.2

Solution Concept

The history Hit at time t is the sequence {ωit ′ , mit ′ , rit ′ }t−1
t ′ =1 . This is a member of the set Hi of all
possible histories at all possible time periods. A pure strategy σm : [0, ω i ] × Hi → [0, mi ] for the
opposition prescribes an action for each state and history. A pure strategy σr : [0, ω i ] × [0, mi ] ×
Hi → [0, ri ] for the regime prescribes an action for each state, action by the opposition, and history.
A pair of pure strategies (σm , σr ) is stationary if σm (ω, H ′ ) = σm (ω, H ′′ ) for all H ′ , H ′′ ∈ Hi and
any ω ∈ [0, ω i ], and σr (ω, m, H ′ ) = σr (ω, m, H ′′ ) for all H ′ , H ′′ ∈ Hi and any ω ∈ [0, ω i ] , m ∈
[0, mi ]. For simplicity we will write the prescriptions of stationary pure strategies as σm (ω) and
σr (ω, m).
Definition 2. A pair (σm , σr ) of stationary pure strategies is an equilibrium of the game in environment i if
σm (ω) ∈ arg max (Bi λi (ω, m, σr (ω, m)) − m)

(3)

m

for all ω ∈ [0, ω i ] and


σr (ω, m) ∈ min arg max (−Li λi (ω, m, r) − r)

(4)

r

for all ω ∈ [0, ω i ] , m ∈ [0, mi ].
The use of the minimum in (4) reflects our assumption that ties are broken in favor of lower
repression.
2.3

Characterization of Equilibrium

In environment i, given equilibrium strategies (σm∗ , σr∗ ) the equilibrium probability of protest λi∗ (·)
is given by
λi∗ (ω) = λi (ω, σm∗ (ω) , σr∗ (ω, σm∗ (ω))) .
Proposition 1.
(i) Under Assumption 1(a), in any equilibrium the probability of protest λi∗ (·) satisfies λi∗ (ω) ≤
τi for all ω ∈ [0, ω i ].
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(ii) Under Assumptions 1(a)-1(c), there exists an equilibrium. In any equilibrium, λi∗ (ω) = 0
whenever λi (ω, 0, 0) > τi , and λi∗ (ω) ∈ [λi (ω, 0, 0) , τi ] otherwise.
An appendix following the main text provides a proof of Proposition 1 and other claims. Here we
provide an intuition for Proposition 1.
Begin with part (i) of Proposition 1. If under some strategies (σm , σr ) the probability of protest
exceeds τi at some state ω, then from Assumption 1(a), the regime’s payoff in (2), and the definition
of τi , it follows that the regime prefers to take r = ri at state ω, and hence that the pair (σm , σr ) is
not an equilibrium.
Turn next to part (ii). By Assumption 1(b) and the regime’s payoff in (2), the regime’s expected
payoff is convex in r and therefore the regime chooses either no repression, r = 0, or full repression,
r = ri . If λi (ω, 0, 0) > τi , then by Assumption 1(a) and the regime’s payoff in (2), the regime will
choose full repression regardless of the opposition’s action, and therefore the opposition chooses
not to mobilize, m = 0, and λi∗ (ω) = λi (ω, 0, ri ) = 0. By contrast, if λi (ω, 0, 0) ≤ τi , then the
regime will choose no repression unless the opposition mobilizes sufficiently to trigger it, and
therefore the opposition will choose m small enough to avoid triggering repression. Therefore
λi∗ (ω) = λi (ω, σm∗ (ω) , 0) ∈ [λi (ω, 0, 0) , τi ].
Note that these arguments, and the proof of Proposition 1, do not rely on the assumption that
the distribution of ωit is time-invariant. However, absent that assumption, our focus on stationary
strategies seems less natural.
2.4

Identification of Tolerance

Motivated by Proposition 1(i), our approach to identification exploits the fact that the equilibrium
probability of protest cannot exceed τi .
∗

Definition 3. The maximum tolerated protest probability λ i in environment i with equilibrium
protest probability λi∗ (·) is given by
∗

λ i = inf {λ ∈ [0, 1] : Pr (λi∗ (ωit ) ≤ λ ) = 1} .
In words, the maximum tolerated protest probability is the largest probability λi∗ (ωit ) that occurs
in the given equilibrium.
∗

∗

It is immediate from Proposition 1(i) and the definition of λ i that λ i ≤ τi , and therefore that τi
is partially identified from the distribution Pr (λi∗ (ωit ) ≤ λ ) of λi∗ (ωit ).
8

Corollary 1. Under Assumption 1(a), in any equilibrium, the tolerance τi is partially identified
h ∗ i
∗
from the distribution of λi (ωit ). In particular, τi ∈ λ i , 1 .
If we further impose Assumptions 1(b) and 1(c), then by Proposition 1(ii), λi∗ (ω) ∈ [λi (ω, 0, 0) , τi ]
∗

whenever λi (ω, 0, 0) ≤ τi . It follows that if λi (ωit , 0, 0) has sufficiently rich support, then λ i = τi ,
and so τi is point identified.
Assumption 2. The random variable λi (ωit , 0, 0) has full support on [0, 1].
Proposition 2. Under Assumptions 1 and 2, in any equilibrium, the tolerance τi is identified from
∗

the distribution of λi∗ (ωit ). In particular, τi = λ i .
Under Assumption 1, the conclusion of Proposition 2 holds under weaker or different conditions than Assumption 2. For example, it is sufficient that the support of λi (ωit , 0, 0) includes
a neighborhood (τi − ε, τi ] of τi with ε ∈ (0, τi ) (a weaker condition than Assumption 2), or that
Pr (λi (ωit , 0, 0) = τi ) > 0 (a condition neither weaker nor stronger than Assumption 2).
Corollary 1 and Proposition 2 rely on knowledge of the marginal distribution of λi∗ (ωit ). The
marginal distribution of λi∗ (ωit ) is, in turn, identified from the joint distribution of the indicator
zit for whether protest occurs on a given date, and the state of nature ωit , because λi∗ (ωit ) =
Pr (zit = 1|ωit ).
Rather than observing the state of nature ωit directly, the econometrician might instead observe
a transformation of it. In this case, the maximum protest probability observed by the econometrician is weakly below the maximum tolerated protest probability.
Claim 1. For any function χi (·), we have that in any equilibrium
∗

inf {λ ∈ [0, 1] : Pr (Pr (zit = 1|χi (ωit )) ≤ λ ) = 1} ≤ λ i ,
with equality when χi (·) is one-to-one.
Claim 1 covers, for example, the case where the econometrician observes mobilization effort
σm∗ (ωit ) rather than the state of nature ωit . Appendix A.1 generalizes Claim 1 to allow that χi (·)
depends on a random variable that is unrelated to the probability of protest, for example because
the econometrician measures the state of nature with error.
Claim 1 implies that if χi (·) is one-to-one (e.g., strictly increasing), then the conclusions regarding the identification of τi from the distribution of Pr (zit = 1|χi (ωit )) are parallel to those
9

above for the identification of τi from the distribution of λi∗ (ωit ) = Pr (zit = 1|ωit ), even if χi (·) is
unknown and differs across environments. If instead χi (·) is many-to-one (i.e., a coarsening), then
only a lower bound on τi can generally be identified from the distribution of Pr (zit = 1|χi (ωit )),
even if Assumptions 1 and 2 hold.
2.5

Discussion

We define the tolerance τi as a function of the ratio of the regime’s cost ri of full repression to
the regime’s cost Li of allowing a protest. This means that our definition of tolerance makes no
distinction between a regime that has little desire to prevent protest (i.e., low Li ) and one that has
little ability to do so (i.e., high ri ). In our empirical analysis we explore the connection between
our measure of tolerance and existing measures of regime strength.
A related point is that, while Assumption 1(a) requires that the regime be able, in principle,
to prevent protest with certainty, we do not require that the cost ri of doing so is low enough to
make full repression appealing. By allowing for an arbitrarily large ri , our framework can therefore
accommodate situations in which full repression is arbitrarily difficult or costly.
The restriction in Assumption 1(b) therefore seems to us more substantive than the one in
Assumption 1(a). In tandem with the assumption in (2) that the regime’s cost of repression is
linear in ri , Assumption 1(b) means the regime will either choose no repression or full repression,
and therefore that the regime’s optimal decision depends on ω and m only through λi (ω, m, 0).13
Without Assumption 1(b), the regime’s optimal decision can depend directly on ω and m. In that
case, following Proposition 1(i) it remains true that the equilibrium probability of protest cannot
exceed τi , but the conditions we invoke may not suffice to ensure that this bound is actually attained.
While our model incorporates a strategic opposition, all of our theoretical findings obtain in a
model with a passive opposition, as can be seen by taking mi = 0. Appendix A.2 further shows that
our theoretical findings obtain in a model in which the opposition’s payoff includes a cost c (r) of
experiencing repression.
Our model assumes that the regime chooses the level of repression with full knowledge of the
opposition’s mobilization effort. While we find this assumption descriptively realistic for many
settings, Appendix A.3 shows that our theoretical findings obtain, under suitable restrictions, in an
alternative model in which the order of moves is reversed, so that the opposition chooses the level
13 That

λi

is, the regime’s optimal decision is identical for any ω, ω ′ ∈ [0, ω i ] and m, m′ ∈ [0, mi ] such that λi (ω, m, 0) =

(ω ′ , m′ , 0).
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of mobilization with full knowledge of the regime’s chosen level of repression.
Our approach to identification of tolerance τi requires that the econometrician be able to measure the ex ante probability of protest in each period, exactly as the regime would. In the more
realistic situation in which the regime has information that the econometrician does not, our approach permits identification of a lower bound on τi via Claim 1 and its generalization in Appendix
A.1.
Importantly, our approach does not require the econometrician to know the functions λi (·) or
λi∗ (·), the parameters {Li , Bi } determining the regime and opposition’s payoffs, or the parameters
{ri , mi } determining their action spaces. Because, following Claim 1, our approach requires the
econometrician to observe the state of nature only up to a one-to-one transformation that may
differ across environments, our approach also does not require the econometrician to know the
parameter ω i determining the domain of the state of nature. And because, following Proposition
1(ii), our approach uses conditions that obtain in any equilibrium, our approach does not require
that the equilibrium in a given environment is unique or that the same equilibrium is played in
different environments. In this sense, our approach does not require the econometrician to be able
to compare the level of grievances, the nature and organization of the opposition, the technology
of mobilization, or the norms of strategic behavior across environments. Our approach also does
not require the econometrician to directly observe acts of repression, which in some cases may be
clandestine (e.g., arresting opposition figures).
Our approach does require (via Assumption 2) that arbitrarily high protest probabilities would
be observed absent mobilization and repression. Substantively, this restriction may be thought of
as saying that in any environment there will be some grievances sufficient to motivate predictable
protests.14 If this assumption fails, then following Corollary 1, our approach permits identification
of a lower bound on τi .

3

Estimation and Inference
∗

We now discuss our approach to estimation and inference. Our goal is to learn λ i in each envi∗

ronment i. In a given environment, λ i is identified from the distribution of equilibrium protest
probabilities λi∗ (ωit ), which in turn can be learned from the joint distribution of protest occurrence
14 Many

classical accounts of social conflict posit that grievances are pervasive (see, e.g., Jenkins and Perrow 1977,
p. 251; Oberschall 1978, p. 298), and that they manifest as protest when the prevailing political structures do not
prevent it (e.g., McAdam 1982, Chapter 3).
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zit and the state of nature ωit . In practice, we observe an indicator for protest occurrence zit and
a vector xit of predictors in each period t ∈ {1, ..., T } and in each environment i ∈ {1, ..., N}. The
n
oN
T
sample data are then {zit , xit }t=1
.
i=1

3.1

Procedure

We proceed in the following main steps.
Sample splitting. We partition the periods into cells indexed by g ∈ {1, ..., G}. For each environment i, we further partition the cells into two groups G1 (i) and G2 (i), with corresponding sets
of periods T1 (i) and T2 (i). These partitions do not depend on the data.
n
oN
n
oN
Predictive model. Using the data {zit , xit }t∈T1 (i)
and {zit , xit }t∈T2 (i)
i=1

i=1

from the first

and second set of periods, respectively, we fit predictive models that yield estimates λ̂i1 (·) and
λ̂i2 (·) of the function Pr (zit = 1|xit = x).
Protest probabilities. Using the predictive models, we compute estimates λ̂it∗ of the equilibrium
protest probabilities, where λ̂it∗ = λ̂i1 (xit ) for t ∈ T2 (i) and λ̂it∗ = λ̂i2 (xit ) for t ∈ T1 (i). That is, we
apply the predictive model estimated on the first set of periods to the predictors in the second set
of periods, and vice versa.
Estimation. We define, for each environment i and cell g, the period s (g, i) = arg maxt∈g λ̂it∗
that has the largest estimated equilibrium protest probability λ̂it∗ , breaking ties arbitrarily. We then
compute, for each environment i, the statistic
zi =

1 G
∑ zi,s(g,i),
G g=1

which gives the share of cells g in which a protest occurs in the period s (g, i) with the highest
estimated equilibrium probability of protest. Online Appendix Figure 3A presents results from a
variant of zi computed as the share of cells g in which protest occurs in the period s (g, i) or the
period immediately following it. Online Appendix Figure 3A also presents results from excluding
the small proportion of cells in which arg maxt∈g λ̂it∗ is not a singleton.
Inference. Treating zi as our point estimate, we perform inference on the random parameter

z∗i = Pr zi,s(g,i) = 1 ,
where the probability is implicitly taken with respect to a population of cells g. The parameter z∗i
12

is random because each period s (g, i) is chosen based on the estimated predictive model, which in
turn depends on the realization of the data in the group G1 (i) or G2 (i) of which g is not a member.
Because the period s (g, i) for each cell g is selected without using the data {zit }t∈g on protest for
the given cell, we treat the problem of inference on z∗i from zi as a standard problem of inference
on an unknown proportion. See, for example, Andrews, Kitagawa, and McCloskey (2021) for
discussion of related issues.
3.2

Discussion

The logic of the procedure in Section 3.1 is as follows. Fix an environment i and an equilibrium,
and suppose that xit = χi (ωit ) for χi (·) a possibly unknown function. If s (g, i) is an approxi
mate maximizer of Pr (zit = 1|xit ) on t ∈ g, then z∗i = Pr zi,s(g,i) = 1 ≈ E (maxt∈g Pr (zit = 1|xit )),
where the expectation is taken with respect to a population of cells g. If the econometrician has
the same information as the regime, i.e., χi (·) is one-to-one, then E (maxt∈g Pr (zit = 1|xit )) =
E (maxt∈g λi∗ (ωit )) following reasoning analogous to that underlying Claim 1. If the cells g are
∗

large enough to contain realizations of λi∗ (ωit ) near the maximum, then E (maxt∈g λi∗ (ωit )) ≈ λ i .
Assembling these arguments yields:
z∗i






∗
∗
= Pr zi,s(g,i) = 1 ≈ E max Pr (zit = 1|xit ) = E max λi (ωit ) ≈ λ i .
t∈g

t∈g

∗

Thus, under these idealized conditions, the parameter z∗i approximates λ i .
In practice, because of estimation error in λ̂it∗ , in general s (g, i) will not maximize Pr (zit = 1|xit )
over t ∈ g. Moreover, because the econometrician is likely to have less information than the
regime, say because χi (·) is many-to-one, we should expect that E (maxt∈g Pr (zit = 1|xit )) <
E (maxt∈g λi∗ (ωit )) following reasoning analogous to that underlying Claim 1. Lastly, in order
to perform inference on z∗i , it is desirable to have a large number of cells G, which is in tension
with ensuring that each cell g contains a large number of periods. For all of these reasons, we
∗

expect that z∗i < λ i .
For the predictors xit , we ideally wish to choose measurements that reflect the regime’s information at the end of the stage game in environment i and period t, i.e., after the realization of the state of nature ωit but before the realization of the payoff-relevant outcome zit ∼
Bernoulli (λit∗ (ωit )). To avoid using measurements that depend on the realization of zit , we will
use measurements taken at least one period before period t, recognizing that our model allows that
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ωit may be forecastable by the agents in the model.

4

Data and Implementation

Here we describe our main data sources and variable definitions. Further details, and information
on additional data sources used in sensitivity analysis, are in Online Appendix Section B.
4.1

Country Characteristics

We define a universe of 249 countries based on the ISO 3166 (International Organization for Standardization 2021). From the United Nations Group of Experts on Geographical Names (2019),
we obtain the official name and official languages of 195 countries. From the United Nations
Statistics Division (2021), we obtain the official continent name of 244 countries. From the World
Bank World Development Indicators (2021), we obtain, for each of the 263 covered countries and
economies, population data for 2010.15
From the Freedom in the World (FITW; Freedom House 2021c) report we obtain, for each of
the 195 covered countries, a measure of freedom of assembly (category E1), which ranges from
0 (least free) to 4 (most free), in each year from 2012 (its first year of availability) through 2020.
From the Polity Project (Center for Systemic Peace 2021), we obtain, for each of the 167 covered
countries, a classification into democracy and non-democracy (defined as autocracy or anocracy),
as well as a measure of the number of years since the most recent regime change or transition
period, for each available year from 2010 through 2018.
From the United Nations General Assembly Voting Data (Bailey, Strezhnev, and Voeten 2017;
Voeten, Strezhnev, and Bailey 2021) we obtain, for each of 192 countries and each year from 2010
through 2020, a measure of the agreement between the country’s votes and those of the US in the
session beginning in the given year.
From ElectionGuide (International Foundation for Electoral Systems 2021), we obtain, for
each of 217 countries, the dates of national elections from February 1998 through December 2022.

15 For

Taiwan, we assign Asia as the continent and obtain population data from National Statistics, Republic of China
(2010).
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4.2

Protest Occurrence and Anticipation

Our main source of information on the occurrence and anticipation of protest is a database of security alerts obtained from Crisis24 (2020), a global risk management firm. Crisis24 staff produce
these alerts to keep clients appraised of current and anticipated events, including those that may impact travel. The alerts occurred in 209 countries between March 2009 and September 2020. Each
alert corresponds to an event or set of events that has happened, is happening, or is expected to
happen. For each alert, the database includes a short title, longer description, and fields indicating
the date and time of the alert.
We parse the text fields using a set of rules described in more detail in Online Appendix Section
B.1. From the text fields we identify whether the alert relates to a protest, and, when possible, the
dates of the protest. We include in our main analysis protests for which we are able to identify a
specific date. Online Appendix Figure 3B shows the sensitivity of our main results to including
a further set of protests for which we infer a date based on grammatical and other cues. Online
Appendix Figure 3B also shows the sensitivity of our main results to excluding alerts that describe
protests with relatively few participants and to excluding the fairly small proportion of alerts that
explicitly describe protests as being in support of the regime. Online Appendix Section B.1 discusses the results of an audit of the quality of our parsing of text fields.
We define an indicator zit equal to one on any date where an alert indicates the occurrence of a
protest, and zero otherwise. We define an indicator ait equal to one on any date on which an alert
posted at least one day earlier indicates the occurrence of a protest, and zero otherwise.
We supplement these data with data from two other databases of protest activity. From the
Mass Mobilization Data Project (MMDP; Clark and Regan 2021), we obtain information on the
start and end date of citizen demonstrations against the government in 168 countries from January
1990 through March 2020, and we create an indicator equal to one on any country-date on which
a protest begins. From the Integrated Crisis Early Warning System (ICEWS; Boschee et al. 2015),
we obtain information on the number of protest-related stories appearing in the news about a given
country for 225 countries from January 1995 through April 2020, and we create an indicator equal
to one on any date on which there is a protest-related story but no protest-related story in the
preceding five days.
The MMDP data are hand-curated and sourced from a small number of major international
news sources via Lexis-Nexis. The ICEWS data are machine-generated and sourced from hundreds
of news sources. Online Appendix Figure 4 shows event-study plots of the relationship between
15

the occurrence of protest in MMDP (Panel A) and ICEWS (Panel B) and our main indicator zit ,
which is based on Crisis24 alerts. In both cases, the alternative source indicates that a protest is
especially likely on a date in which our main indicator indicates a protest.
Our main protest indicator zit may miss some protests that occur. In Online Appendix Figure
3B we show the sensitivity of our findings to including as protest dates any country-dates flagged
in MMDP and ICEWS as protest dates. Our main indicator zit may also include some protests
that do not occur; this is especially likely for protests for which the alert appears in advance of the
event. In Online Appendix Figure 3B, we also show the sensitivity of our findings to excluding as
protest dates any country-dates for which MMDP does not indicate a beginning or ongoing protest
in the same calendar week, and ICEWS does not indicate any protest-related stories in the same
calendar week.
4.3

Additional Predictors of Protest

4.3.1

Search Query Volume: Google Trends

From Google Health Trends (Google 2021), we obtain daily data on searches about political
demonstrations (entity /m/0gnwz4) in 249 countries from 2004 through 2020. We also obtain
daily data on searches about each of these countries in both the US and the UK. The search data
are reported as a (known) multiple of the probability that a given user session includes a search for
the given topic, with a value of zero when the query does not meet reporting standards (Google
2019; see also Zepecki et al. 2020).16
4.3.2

News Mentions: The GDELT 1.0 Event Database

From the GDELT 1.0 Event Database (GDELT Project 2020), we obtain daily data on the number
of mentions of protest (event code 14), as a share of all mentions of a given country, for each of
274 countries from 1979 through 2019. These data are in turn sourced from various international
news sources and wire services (Leetaru and Schrodt 2013).

16 These

probabilities are calculated on a random sample of searches. The random sample is redrawn daily. We
compute an average of valid returned values across runs executed on at least 15 different days, and therefore corresponding to at least 15 different random samples.
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4.3.3

Social Media Mentions: Twitter Data

Using Twitter’s advanced search functionality (Twitter 2020), we obtain daily data on the number
of non-withheld tweets containing both the name of the country and either the keyword “protest”
or the keyword “demonstration” for each of 195 countries from 2006 through 2019. Our list of
countries and official languages is based on UNGEGN’s list of country names (United Nations
Group of Experts on Geographical Names 2019). We perform the search both in English and in
the given country’s official languages and obtain separate counts for each of these.17
4.4

Estimation Sample and Variable Standardization

Our sample period is 2010-2019. Our sample countries are the 150 countries with a population of
at least 1,000,000 in 2010 and in which there is at least one year in the sample period with at least
10 alerts in the Crisis24 database. Online Appendix Figure 3C shows results where we increase
the population threshold to 2,000,000 as well as results where we increase the alerts threshold to
20.
We standardize the daily values of the predictors described in Section 4.3 by subtracting the
mean and dividing by the standard deviation, both calculated over the preceding 90 days, excluding protest days. If the rolling-window standard deviation is zero, or if data are missing for the
given variable, country, and date, we set the standardized value to zero. We define a vector qit
consisting of indicators for days of the week as well as the seven lags of the standardized values
of demonstration search query volume, protest news mentions, and protest Twitter mentions in
English.
As a prelude to our analysis, Figure 1 shows event-study plots of the standardized value of
search query volume, news mentions, and Twitter mentions in the days surrounding alerts about
future protests (left column of plots) and the occurrence of protests (right column of plots). The
estimated event-time paths of the predictor variables exhibit mild dynamics around an alert about
future protest and substantial dynamics around a protest occurrence.
4.5

Implementation

For our baseline implementation of the procedure in Section 3.1, we let environments i be countries, periods t be calendar dates, and cells g ∈ {1, ..., G} be calendar months. We let the group
17 In

some cases we use short versions of country names rather than official ones. For example, we search for
“Venezuela” rather than “Bolivarian Republic of Venezuela.”

17

G1 (i) consist of months in odd-numbered years and the group G2 (i) consist of months in evennumbered years. Online Appendix Figure 3A shows results where we instead let cells g consist of
two-month groups, and results where we assign years randomly to the groups G1 (i) and G2 (i).
Our predictive model is a binary logit model, with the protest indicator zit as the dependent
variable and the predictors xit = (1, ait , qit ) as the independent variables. In the context of the
model, these predictors may directly reflect the state of nature ωit , or they may reflect it indirectly,
for example via the level of mobilization σm∗ (ωit ) or even the regime’s assessed protest probability
λi∗ (ωit ). Online Appendix Figure 3A shows the sensitivity of our findings to further including
search query volume about the country in the US and UK, protest Twitter mentions in the country’s
official languages, a set of financial indices described in Online Appendix B.2, an indicator for
whether an election occurred within seven days of the given date in the given country, and an
indicator for whether a protest occurred in the given country on the same date in the previous year.
We estimate the model via L1 −penalized maximum likelihood with the penalty parameter chosen via 10-fold cross-validation where the folds are equal-sized groups of country-years, and the
sample is all country-years. Online Appendix Figure 3A shows results based on unpenalized maximum likelihood estimation, and results from allowing the coefficients in the predictive model, and
hence the functions λ̂i (·), to vary across countries.
We compute variants of the estimator zi in which an environment i is a country-year or countrymonth. To compute these variants, we use the same estimated equilibrium protest probabilities
λ̂it∗ as in our baseline implementation, and average the values of zi,s(g,i) over the cells g that are
contained in the given country-year or country-month.
4.6

Estimator Peformance

Figure 2 shows simulation evidence on the performance of our estimator. In each of a set of
simulation replications, we randomly generate an indicator of protest occurrence as a sequence of
independent Bernoulli draws, with success probabilities given by the estimated equilibrium protest
probabilities λ̂it∗ . We then re-implement the entire procedure in Section 3.1, using the simulated
protest occurrence indicator in place of the observed indicator. We calculate the percentile of
the estimated tolerance in the distribution of equilibrium protest probabilities, and compute for
each country the median of this percentile across simulation replications. Figure 2 shows that,
for most countries, the median percentile of the estimated tolerance is close to 100%, indicating
that estimated tolerance is centered on a high percentile of the distribution of equilibrium protest
18

probabilities, as desired.
Figure 3 shows results from a falsification exercise. To produce the figure, we reverse time in
estimating the predictive model, predicting protest based on future rather than past values of the
predictor variables. We then re-implement the entire procedure in Section 3.1, using the predicted
probabilities from the alternative predictive model. The figure shows a scatterplot of the rank
of tolerance across countries in the estimates from the falsification exercise against the rank of
tolerance in the baseline estimates. If variation in tolerance were driven by ancillary factors such
as the quality of the measurement of the predictors xit , instead of by variation in the ex ante
predictability of protest, we might expect the estimates to be similar between the baseline estimates
and those in the falsification exercise. In fact they appear quite different.18

5

Results

Panel A of Figure 4 shows the relationship, across countries, between the estimated tolerance and
FITW’s five-category freedom of assembly rating. Countries that are rated as more free tend to
have a higher estimated tolerance.19 There is also variation in estimated tolerance within each
FITW rating category, consistent with the fact that tolerance is estimated using a methodology
very different from FITW’s, and with (quantifiable) statistical error.
Panel B of Figure 4 shows the relationship between the share of protests that are anticipated by
Crisis24 and the freedom of assembly rating. Countries that are rated as more free tend to have a
higher share of anticipated protests. Because tolerance is measured based on the predictability of
protest, the pattern in Panel B provides an intuition for the one in Panel A.
Panel C of Figure 4 shows the relationship between the share of months with a protest and the
freedom of assembly rating. Countries rated as more free do not appear consistently to have more
frequent protests, suggesting some of the difficulties of measuring the tolerance of an action based
on its frequency of occurrence.
Figure 5 shows a map of the world with countries shaded according to their estimated tolerance.
Online Appendix Figure 5 shows the estimated tolerance for each country, along with an associated
confidence interval.
18 Across

the countries in our sample, the concordance in ranks (Kendall rank correlation coefficient, type b) between
the alternative (falsification exercise) and baseline estimates of tolerance is 0.6465, which is below the concordance
for all of the sensitivity analyses reported in Online Appendix Figure 3.
19 The difference in estimated tolerance across the five groups is statistically significant according to both a regression
(p = 0.0005) and a Kruskal-Wallis test (p < 0.0001).
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Both Panel A of Figure 4, and Figure 5, suggest that there are instances in which estimated tolerance is low in countries that might commonly be regarded as free. One reason for this, following
the discussion in Section 3.2, may be that when relatively few protests are recorded, the conditions for good performance of our estimator are more demanding. Consistent with this hypothesis,
Online Appendix Figure 3C shows that excluding from the sample countries with relatively few
alerts leads to higher mean and median estimated tolerance among countries in FITW’s highest
freedom-of-assembly category.
Both Panel A of Figure 4, and Figure 5, also suggest that there are instances in which estimated
tolerance is high in countries that might commonly be regarded as not free. One reason for this,
following the discussion in Section 2.5, may be that some regimes that wish to prevent protest (high
Li ) nevertheless have little ability to do so (high ri ). Consistent with this hypothesis, Figure 6 shows
that, among country-years rated by FITW as least free, country-years with more recent regime
change tend to have larger estimated tolerance. The difference in estimated tolerance between the
two groups is statistically significant according to a regression with standard errors clustered by
country (p = 0.0258) and according to a Mann-Whitney test (p < 0.0001).20
Online Appendix Figure 3 shows sensitivity analysis with respect to changes in the estimator,
input data, and sample of countries. Across these exercises, the alternative estimates of tolerance
are generally strongly rank-correlated with those in our baseline estimates, and positively related
to FITW’s rating. The most visible departure from our baseline estimates occurs when we remove
some protests from consideration because they do not appear in secondary datasets.
5.1

Application: Testing for Political Bias in Freedom Ratings

Let fi be some observed rating of the freedom of country i such as one reported in FITW. Let yi
be some observed and possibly vector-valued characteristic, such as the political alignment of the
country with the US, that may influence the rating fi . Suppose that


′
fi = F τi + yi β

(5)

where F is an unknown and strictly increasing function and β is an unknown parameter. We can
think of the case where β = 0 as one in which the rating fi is not biased in the sense that it is fully
20 Using

a measure of monopoly on the use of force from the Bertelsmann Transformation Index (2020), we likewise
find a difference in estimated tolerance between regimes that face a challenge to their monopoly on force and regimes
that do not (regression p = 0.0082, Mann-Whitney p < 0.0001).
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determined by the country’s true tolerance.
It is possible to use the estimate zi to learn about the unknown parameter β . Suppose in particular that
zi = τi + ζi

(6)

for ζi an estimation error satisfying E (ζi |τi , yi ) = E (ζi | fi , yi ) = E (ζi ), where E (ζi ) need not be
zero. Then by applying F −1 to both sides of (5) and substituting into (6) we arrive at
′

zi = F −1 ( fi ) − yi β + ζi .

(7)

We can thus estimate β by a regression of zi on yi , including a constant and controlling flexibly
for fi . Intuitively, if a characteristic yi is associated with lower estimated tolerance zi for given
freedom rating fi , this is an indication that the freedom rating fi puts positive weight β > 0 on that
characteristic.
To implement (7), we let fi be country i’s average FITW freedom of assembly score over the
sample period. We let yi be a vector of indicators for quintiles of the average annual fraction of UN
General Assembly votes in which country i votes in agreement with the US. And we approximate
F −1 ( fi ) with quintiles in fi .
Figure 7 presents our findings. The plot shows the estimated coefficients β for the vector yi
of indicators for quintiles of agreement with the US. The estimates show no evidence of bias in
favor of US allies. If anything, the positive point estimate on the coefficient for the top quintile
of agreement suggests that the FITW rating penalizes the ratings of the countries that agree most
strongly with the US, though the estimated coefficients for the full vector of quintile indicators are
jointly only marginally statistically significant (p = 0.0741).
5.2

Application: Elections and the Tolerance of Protest

We can think of zi,s(g,i) as a (coarse) measure of tolerance in country i and month g. Measuring
tolerance at the monthly level makes it possible to study how tolerance evolves around discrete
events. To illustrate this possibility, Figure 8 shows event-study plots of the tolerance and incidence
of protest in the months before, of, and after an election, separately for countries classified by the
Polity Project as non-democracies (Panel A) and for those classified as democracies (Panel B). The
figure shows that both the tolerance and incidence of protest are greater in election months, with
a larger increase in non-democracies than in democracies. We can reject the hypothesis that the
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time path of tolerance around elections is identical between democracies and non-democracies at
conventional levels of statistical significance (p = 0.0004). Online Appendix Figure 6 shows an
event-study plot of tolerance when controlling for incidence.
The fact that tolerance of protest increases in election months, especially in non-democracies,
may suggest several interpretations. For example, elections may bring international scrutiny (Hyde
2007) that raises the regime’s cost of repression relative to its cost of protest, or elections may be
periods of regime weakness in which repression is difficult to carry out.21 The fact that incidence
of protest increases in election months may reflect greater tolerance of protest, or it may reflect the
opposition’s greater incentive to mobilize to influence the election’s outcome (Tucker 2007; Harish
and Little 2017). We do not attempt to disentangle these various possibilities here.

6

Conclusions

We develop an economic model in which a regime can take a costly action to prevent protest.
We define the regime’s tolerance as the ratio of its cost of repression to its cost of protest. We
establish conditions under which the equilibrium probability of protest is bounded above by the
regime’s tolerance. We establish further conditions under which the equilibrium probability of
protest approaches this bound, permitting identification of tolerance from the distribution of the
equilibrium probability of protest.
We develop an estimator of tolerance that is motivated by this approach to identification. We
introduce a novel daily, cross-national panel of protest occurrence and protest predictors, and we
use machine-learning methods to implement our estimator for a large cross-section of countries.
We demonstrate the utility of the resulting estimates of tolerance by applying them to the question
of whether ratings produced by Freedom House are politically biased, and the question of whether
regimes become more tolerant of protests in periods close to elections. We believe our estimates
of tolerance could be applied to many other questions of interest.
Our definition of tolerance does not distinguish between situations in which a regime wants to
permit protest and situations in which a regime is unable to prevent it. Using existing measures to
proxy for regime strength, we find evidence that, among less free regimes, weaker regimes exhibit
greater measured tolerance. A possible direction for future work is to more directly separate the
desire and the ability to repress, for example by attempting to measure grievances directly.
21 Online

Appendix Figure 7 shows that there is a small but statistically insignificant increase in tolerance around
international meetings and sporting events.
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Although we focus our analysis on the tolerance of political protest, we believe that our approach could be applied to measure a regime’s tolerance for other kinds of actions by its citizens.
For example, one may imagine using text analysis or other tools to predict public criticism of a
regime, say by journalists, and thus to measure the regime’s tolerance of such criticism. As another
example, one may imagine using social media and other data to predict acts of violence such as
terrorist attacks, and thus to measure the implicit tolerance of such acts.22 We believe that such
applications are a promising direction for future work.

Appendix: Proofs
Proof of Proposition 1
Part (i).
If τi = 1 then the statement is trivial. So say that τi < 1 and pick strategies (σm , σr ) such that
λi (ω, σm (ω) , σr (ω, σm (ω))) > τi for some state ω ∈ [0, ω i ]. Then the expected payoff to the
regime at state ω is
−λi (ω, σm (ω) , σr (ω, σm (ω))) Li − σr (ω, σm (ω)) < −ri = −λi (ω, σm (ω) , ri ) Li − ri
where the inequality follows from λi (ω, σm (ω) , σr (ω, σm (ω))) > τi = ri /Li and σr (ω, σm (ω)) ≥
0, and the equality follows from Assumption 1(a). Therefore at state ω the regime prefers to take
ri = ri than to take ri = σr (ω, σm (ω)), and hence (σm , σr ) is not an equilibrium.
Part (ii).
By Assumption 1(b) the maximand in (4) is convex in r for all ω ∈ [0, ω i ] , m ∈ [0, mi ]. Therefore
there is a unique mapping σr∗ that solves (4), with the property that σr∗ (ω, m) ∈ {0, ri } for all
ω ∈ [0, ω i ] , m ∈ [0, mi ]. Further from the structure of payoffs and Assumption 1(a) we have that

r , λ (ω, m, 0) > τ
i
i
i
σr∗ (ω, m) =
0, λ (ω, m, 0) ≤ τ .
i
i

22 In

the context of Africa, Cox et al. (2018) discuss evidence that social media contain substantial discussion of
terrorist attacks.

23

In any equilibrium, the opposition chooses
σm (ω) ∈ arg max (Bi λi (ω, m, σr∗ (ω, m)) − m) .
m

For any ω, the opposition prefers some m′′ < m′ to any m′ > 0 such that σr∗ (ω, m′ ) = ri . So now
define

0,
σr∗ (ω, 0) = ri
m (ω) =
max {m ∈ [0, m ] : σ ∗ (ω, m) = 0} , σ ∗ (ω, 0) = 0
i

r

r

where the maximum exists by Assumption 1(c). Now we can say that the opposition chooses
σm (ω) ∈ arg max (Bi λi (ω, m, 0) − m) .
m∈[0,m(ω)]

Because the set [0, m (ω)] is compact and the function λi (ω, m, 0) is continuous in m, this problem has at least one solution σm∗ (ω) for each ω ∈ [0, ω i ]. This establishes the existence of an
equilibrium.
Now write
λi∗ (ω) = λi (ω, σm∗ (ω) , σr∗ (ω, σm∗ (ω))) .
Following the reasoning above, if λi (ω, 0, 0) > τi , then λi∗ (ω) = 0, and if λi (ω, 0, 0) ≤ τi , then
σr∗ (ω, σm∗ (ω)) = 0 and
τi ≥ λi∗ (ω) = λi (ω, σm∗ (ω) , 0) ≥ λi (ω, 0, 0) .
Proof of Corollary 1
∗

Fix an equilibrium. That τi ≤ 1 is immediate from the definition of τi . That τi ≥ λ i follows from
∗
the definition of λ i because, by Proposition 1(i), Pr (λi∗ (ωit ) ≤ τi ) = 1.
Proof of Proposition 2
Fix an equilibrium. By Proposition 1, Pr (λi∗ (ωit ) ≤ τi ) = 1. Notice that for any λ ∈ [0, τi ) we
have that
Pr (λi∗ (ωit ) ≤ λ ) = 1 − Pr (λi∗ (ωit ) > λ )
= 1 − Pr (λi∗ (ωit ) ∈ (λ , τi ])
≤ 1 − Pr (λi (ωit , 0, 0) ∈ (λ , τi ])
<1
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where the second step follows from Proposition 1(i), the third from Proposition 1(ii), and the last
∗
∗
from Assumption 2. From Definition 3 it then follows that λ i ≥ τi and therefore that λ i = τi .
Proof of Claim 1
Fix an equilibrium. Observe that
Pr (zit = 1|χi (ωit )) = E (zit |χi (ωit ))
= E (E (zit |χi (ωit ) , ωit ) |χi (ωit ))
= E (E (zit |ωit ) |χi (ωit ))
= E (λi∗ (ωit ) |χi (ωit ))
where the second step follows from the law of iterated expectations, the third from the fact that
χi (ωit ) is a function of ωit , and the last from the definition of λi∗ (ωit ).
Because Pr (zit = 1|χi (ωit )) = E (λi∗ (ωit ) |χi (ωit )), the support of Pr (zit = 1|χi (ωit )) is in the
convex hull of the support of λi∗ (ωit ), so
∗

inf {λ ∈ [0, 1] : Pr (Pr (zit = 1|χi (ωit )) ≤ λ ) = 1} ≤ λ i

by Definition 3. If χi (·) is one-to-one, then E (λi∗ (ωit ) |χi (ωit )) = λi∗ (ωit ), so the preceding inequality holds with equality, again by Definition 3.
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Figure 1: Profile of Predictor Variables Around Key Events
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Panel C: Social Media Mentions
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Notes: The figure shows daily event-study plots of standardized values of predictor variables around alerts of future
protests and around the occurrence of protests. Each pair of plots is constructed from a regression in which the unit of
analysis is the country-date and the model includes country and date fixed effects. The independent variables of interest
are seven leads (relative days -7 through -1) and seven lags (relative days 1 through 7) of both an indicator ait for the
occurrence of an alert indicating a future protest and our main protest indicator zit , as well as two variables reflecting
the cumulative number of future-protest alerts and protests more than seven days in the future and two reflecting the
cumulative number more than seven days in the past. The contemporaneous future-protest alert and protest indicators
are excluded as a normalization. We recenter the y-axis in each plot by adding a constant equal to the sample mean
of the dependent variable on dates with an alert indicating a future protest (left plots) or on dates with a protest (right
plots). The inner bars depict 95% pointwise confidence intervals and the outer lines depict 95% uniform sup-t bands,
both based on inference clustered by country.
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Figure 2: Simulation Evidence on the Performance of the Estimator
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Notes: The figure shows a box-and-whisker plot summarizing the distribution, across countries, of the median percentile of the estimated tolerance in the distribution of underlying protest probabilities over the 50 replicates of a
simulation exercise. For each replicate, we simulate protest occurrence according to the probabilities λ̂it∗ estimated
in our baseline predictive model, independently across days. We then estimate tolerance following the procedure described in Sections 3.1 and 4.5, replacing the protest occurrence indicator zit with its simulated analogue. For each
country and replicate, we compute the percentile of the estimated tolerance zi in the country-specific distribution of
the protest probabilities λ̂it∗ , where a percentile of 1.00 corresponds to estimating the maximum protest probability,
maxt λ̂it∗ , in country i. For each country, we then compute the median percentile across the replicates. The figure
summarizes the distribution of the median percentile across countries.
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Rank of estimated tolerance (alternate)

Figure 3: Falsification Exercise: Reversing Time in the Predictive Model
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Notes: The plot shows a scatterplot of the rank of each country’s tolerance under alternative estimates from a falsification exercise (y-axis) against the rank of that country’s tolerance under the baseline estimates (x-axis), along with
the 45-degree line. To construct the alternative estimates, we reverse time when estimating the predictive model, using
as our predictors a constant vector of ones, an indicator for whether an alert posted at least one day later indicates the
occurrence of a protest on the given day, indicators for days of the week as well as the seven leads of the standardized
values of demonstration search query volume, protest news mentions, and protest Twitter mentions in English, where
standardization is done based on a 90-day forward rolling window.
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Figure 4: Tolerance, Frequency, and Anticipation of Protest by Expert-Rated Freedom
Panel A: Tolerance of Protest
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Notes: Each box-and-whisker plot shows statistics of a given variable of interest across all countries (y-axis) with a
given modal value of the FITW freedom of assembly rating (x-axis). For countries that have multiple modal values
of the FITW freedom of assembly rating, we take the mode that is attained in the most recent year. Outside values
are not shown in the box-and-whisker plots, and mean values are indicated by a filled circle. In Panel A, the variable
of interest is the estimated tolerance (zi ) for the given country. In Panel B, the variable of interest is the share of all
protest days (days with zit = 1) on which protest is anticipated by an alert at least one day in advance (ait = 1) in the
given country. In Panel C, the variable of interest is the share of months with at least one protest day (zit = 1) in the
given country.
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Figure 5: Estimated Tolerance by Country
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Notes: The map shows the estimated tolerance zi for each country in our sample. Darker colors represent greater estimated tolerance. Territories not in our sample
are colored white.

Figure 6: Tolerance of Protest and Regime Durability in Less Free Regimes
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Notes: The box-and-whisker plot shows statistics of the estimated tolerance (zi ) across all country-years (y-axis) in
which it has been more than 20 years (more durable regime) or 20 or fewer years (less durable regime) since the most
recent regime change or transition period (x-axis). Outside values are not shown in the box-and-whisker plots, and
mean values are indicated by a filled circle. The sample consists of country-years receiving the lowest possible FITW
freedom of assembly rating.
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Figure 7: A Test for Political Bias in FITW Ratings
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Notes: To construct this plot, we regress the estimated tolerance zi of each country i on indicators for quintiles of the
average of an annual measure of the agreement between the country’s UN General Assembly votes and those of the
US, controlling for indicators for quintiles of the country’s sample average annual FITW freedom of assembly rating.
We omit the indicator for the first quintile of agreement from the regression, and recenter the plot by adding a constant
equal to the mean of estimated tolerance zi among countries in this first quintile. The depicted intervals are pointwise
95% confidence intervals. The reported p-value is for an F-test of the hypothesis that the depicted coefficients are
jointly equal to zero.

38

Figure 8: Protest Tolerance and Incidence Around Elections, Non-Democracies vs. Democracies
Panel A: Non-democracies
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Panel B: Democracies
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Notes: The figure shows monthly event-study plots of protest tolerance and protest incidence around elections. Each
plot is constructed from a separate regression in which the unit of analysis is the country-month and the model includes
fixed effects for country and for calendar month. The independent variables of interest are 12 leads and lags of an
indicator for the occurrence of an election, and two variables reflecting the cumulative number of elections 13 or more
months in the future and the cumulative number of elections 13 or more months in the past. The contemporaneous
election indicator is excluded as a normalization. We recenter the y-axis in each plot by adding a constant equal
to the sample mean of the dependent variable in election months. The inner bars depict 95% pointwise confidence
intervals and the outer lines depict 95% uniform sup-t bands, both based on inference clustered by country. In the
plots on the left (“Tolerance of Protest”), the dependent variable is the estimated tolerance zi,s(g,i) of each country i
in each month g. In the plots on the right (“Incidence of Protest”), the dependent variable is an indicator maxt∈g zit
for the occurrence of protest in country i in month g. In Panel A the sample includes country-years classified as nondemocracies (autocracies or anocracies) by the Polity Project. In Panel B the sample includes country-years classified
as democracies by the Polity Project.
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A
A.1

Additional Theoretical Results
Econometrician Observes a Noisy Function of State of Nature

Here we consider a generalization of Claim 1 in which the function χi (·) may depend on a random
variable, such as a measurement error, that is unrelated to the probability of protest.
Claim 2. Let ηit be a random variable such that Pr (zit |ωit , mit , rit , ηit ) = Pr (zit |ωit , mit , rit ) = λi (ωit , mit , rit )
and let χi (·) be a function of (ωit , ηit ). Then in any equilibrium
∗

inf {λ ∈ [0, 1] : Pr (Pr (zit = 1|χi (ωit , ηit )) ≤ λ ) = 1} ≤ λ i ,
with equality when (i) ηit = ηi for all t and (ii) χi (ωit , ηit ) = χi (ωit , ηi ) is one-to-one in ωit .
Proof. Fix an equilibrium. Observe that
Pr (zit = 1|χi (ωit , ηit )) = E (zit |χi (ωit , ηit ))
= E (E (zit |χi (ωit , ηit ) , ωit , ηit ) |χi (ωit , ηit ))
= E (E (zit |ωit , ηit ) |χi (ωit , ηit ))
= E (λi∗ (ωit ) |χi (ωit , ηit ))
where the second step follows from the law of iterated expectations, the third from the fact that
χi (ωit , ηit ) is a function of (ωit , ηit ), and the last from the definition of λi∗ (ωit ) and the assumption
that Pr (zit |ωit , mit , rit , ηit ) = Pr (zit |ωit , mit , rit ).
Because Pr (zit = 1|χi (ωit , ηit )) = E (λi∗ (ωit ) |χi (ωit , ηit )), the support of Pr (zit = 1|χi (ωit , ηit ))
is in the convex hull of the support of λi∗ (ωit ), so
∗

inf {λ ∈ [0, 1] : Pr (Pr (zit = 1|χi (ωit , ηit )) ≤ λ ) = 1} ≤ λ i

by Definition 3. If (i) ηit = ηi for all t and (ii) χi (ωit , ηit ) = χi (ωit , ηi ) is one-to-one in ωit ,
then E (λi∗ (ωit ) |χi (ωit , ηi )) = λi∗ (ωit ), so the preceding inequality holds with equality, again by
Definition 3.
A.2

Repression is Costly to the Opposition

Consider a modification of the model in Section 2 in which πitm = Bi zit − mit − c (rit ) where c (ri ) ≥
c (0), with the definition of equilibrium suitably adjusted.
Proposition 3. The conclusions of Proposition 1 obtain in the modified model.

2

Proof. For part (i) the proof is unchanged from the proof of Proposition 1. For part (ii) the characterization of the regime’s strategy remains unchanged. Moreover, it remains true that the opposition
prefers some m′′ < m′ to any m′ > 0 such that σr (ω, m′ ) = ri . It follows that the opposition chooses
σm (ω) ∈ arg max (Bi λi (ω, m, 0) − m − c (0))
m∈[0,m(ω)]

with m (ω) as defined in the proof of Proposition 1. The above is equivalent to choosing
σm (ω) ∈ arg max (Bi λi (ω, m, 0) − m)
m∈[0,m(ω)]

and therefore the remainder of the proof is unchanged from the proof of Proposition 1.
Because the proofs of the statements in Section 2.4 depend on the opposition’s payoff only
through the characterization in Proposition 1, it is immediate that all of these statements obtain in
the modified model.
A.3

Opposition Mobilizes After Regime Chooses Level of Repression

Consider a modification of the model in Section 2 in which the order of moves is reversed between
the opposition and regime, so that the regime chooses its level of repression rit knowing only the
state of nature ωit , and the opposition chooses its level of mobilization knowing both the level of
repression rit and the state of nature ωit . Thus we modify Definition 2 so that the opposition solves
σm (ω, r) ∈ arg max (Bi λi (ω, m, r) − m)

(8)

m

and similarly modify the regime’s problem.
We adopt the following modification of Assumption 1:
Assumption 3. In each environment i:
(a) Assumption 1(a) holds.
(b) rit ∈ {0, ri }.
(c) λi (ω, m, 0) is continuous in m for all ω ∈ [0, ω i ], and continuous and strictly increasing in
ω, with λi (0, m, 0) = 0, for all m ∈ [0, mi ].
(d) There is a unique solution σm∗ (ω, 0) to (8) for all ω ∈ [0, ω i ] when r = 0.

3

Assumption 3 is consistent with the Example in equation (1), noting that strict concavity of
λi (ω, m, 0) in m is sufficient for Assumption 3(d).
In environment i, given equilibrium strategies (σm∗ , σr∗ ) the equilibrium probability of protest
λi∗ (·) is given by
λi∗ (ω) = λi (ω, σm∗ (ω, σr∗ (ω)) , σr∗ (ω)) .
Proposition 4.
(i) Under Assumption 3(a), the conclusions of Proposition 1(i) hold.
(ii) Under Assumptions 3(a)- 3(d), there exists an equilibrium. In any equilibrium λi∗ (ω) = 0
whenever λi (ω, σm∗ (ω, 0) , 0) > τi , and λi∗ (ω) = λi (ω, σm∗ (ω, 0) , 0) ∈ [λi (ω, 0, 0) , τi ] otherwise.
Proof. The proof of Part (i) follows its counterpart in Proposition 1. For Part (ii), we proceed
by backward induction. For the opposition’s problem, for any ω ∈ [0, ω i ], σm∗ (ω, ri ) = 0, and
σm∗ (ω, 0) exists by Assumption 3(c) and is unique by Assumption 3(d). By Assumption 3(b) the
regime’s problem is then
)

(

σr (ω) ∈ min arg max (−Li λi (ω, σm∗ (ω, r) , r) − r) .
r∈{0,ri }

By Assumption 3(a) the solution to the regime’s problem is

0, λ (ω, σ ∗ (ω, 0) , 0) ≤ τ
i
i
m
∗
σr (ω) =
r , λ (ω, σ ∗ (ω, 0) , 0) > τ ,
i
i
i
m
from which the desired result is immediate.
Corollary 2. Under Assumption 3(a), the conclusions of Corollary 1 hold.
Proof. The proof is analogous to that for Corollary 1, replacing Proposition 1(i) with Proposition
4(i).
Proposition 5. Under Assumptions 2 and 3, the conclusions of Proposition 2 hold.
Proof. Fix an equilibrium. By Proposition 4, Pr (λ ∗ (ωit ) ≤ τi ) = 1. Notice that for any λ ∈ [0, τi )
we have that
Pr (λ ∗ (ωit ) ≤ λ ) = 1 − Pr (λ ∗ (ωit ) > λ )
= 1 − Pr (λ ∗ (ωit ) ∈ (λ , τi ])
= 1 − Pr (λi (ω, σm∗ (ω, 0) , 0) ∈ (λ , τi ])
4

where the second step follows from Proposition 4(i) and the third from Proposition 4(ii).
Now by Assumptions 3(c) and 3(d) and the theorem of the maximum, σm∗ (ω, 0) and λi (ω, σm∗ (ω, 0) , 0)
are continuous in ω. Moreover, because by Assumption 3(c) λi (ω, 0, 0) is strictly increasing in ω,
we can represent λi (ω, σm∗ (ω, 0) , 0) as a continuous function of λi (ω, 0, 0), with λi (ω, σm∗ (ω, 0) , 0) ≥
λi (ω, 0, 0) for all ω ∈ [0, ω i ]. And, because, by Assumption 3(c), λi (0, m, 0) = 0 for all m ∈ [0, mi ],
we have that λi (0, σm∗ (0, 0) , 0) = λi (0, 0, 0) = 0. Collecting these properties together with Assumption 2 we have that Pr (λi (ω, σm∗ (ω, 0) , 0) ∈ (λ , τi ]) > 0 and hence that Pr (λ ∗ (ωit ) ≤ λ ) < 1.
∗
∗
∗
From the definition of λ i it then follows that λ i ≥ τi and therefore that λ i = τi .

B
B.1

Additional Details on Data Sources and Variable Construction
Parsing of Crisis24 Security Alerts

Elements Used in Main Analysis
We identify protest-related alerts using information provided in alert descriptions. We classify an
alert as protest-related if its description includes the words “protest,” “demonstration,” or “demonstrator,” or words with those keywords at the root. Because some protests originate or manifest as
labor strikes, we also classify as protest-related alerts whose descriptions contain one of the words
“worker,” “union,” “labor,” or “labour” and the root “strike” in the same sentence.1 We exclude
from our search of the description text some generic warnings such as “We advise our clients to
stay away from protests.”
We extract, for each alert, any dates mentioned in the alert’s title provided that the title contains a protest-related structure such as “protest” or “demonstration.” We consider all such dates
to be protest dates.2 We also extract, for each alert, any dates mentioned in the alert’s description
in the same sentence as a protest-related structure. If we do not extract any protest dates from a
protest-related alert’s title, then we consider the latest date extracted from the alert’s description to
be a protest date.
Online Appendix Figure 1 illustrates the main elements of our approach using example alerts
drawn from our data.

1 An

exception is the case where “strike” is part of the word “airstrike.” Online Appendix Figure 3B reports results
when we do not include strike-related words in the set of words we use to classify an alert as a protest.
2 Date information typically includes the month and day of month, e.g., “May 20.” We treat these dates as referring to
the year in which the alert is published, unless the alert is published in December (January) and the date is in January
(December), in which case we treat the date as referring to the year following (preceding) the alert’s publication.
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Elements Used in Sensitivity Analysis
We classify alerts into temporal categories based on syntactic and semantic information in alert
titles. We classify an alert as pertaining to a future protest if its title contains a future-related word
such as “announce” along with a protest-related keyword, or if its title contains a protest-related
verb preceded by “to,” as in “to protest.” We classify an alert as pertaining to a present protest if
its title contains present-related words such as “continued,” “ongoing,” or “underway” appearing
in the same sentence with a protest-related keyword. We classify a protest alert as pertaining to
a past protest if its title contains protest-related verbs in the past tense, such as “protested” or
“demonstrated,” or if its title does not contain word structures indicative of being about the present
or future.3
We extract, for each alert, information about the number of participants in the protests mentioned in the text fields. This information is often in the form of a broad quantitative statement
(e.g., “hundreds of protesters gathered...” or “around 500 protestors gathered...”). We classify an
alert as pertaining to small protests if the alert contains information about the number of participants for at least one protest, and if there is no information indicating a protest with one thousand
or more participants.
We also extract, for each alert, information about whether the protests mentioned in the text
fields are in support of or against the regime. The text fields can include statements such as “government supporters took to the streets” or “thousands protested against the government.” Using this
information, we classify a protest alert as pertaining to pro-regime protests if it includes statements
indicating protests in support of the regime but does not include statements indicating protests
against the regime.
Audit of Parser Quality
To assess the quality of the rules we use to parse text fields, we compare the performance of our
parser to the performance of human data entry operators on a random sample of alerts. The data
entry operators were trained to enter data on protest occurrence based on the text fields, using a web
form that we helped to develop. Each alert was keyed by two independent data entry operators,
with a reconciliation process for discrepancies. The firm providing data entry services was given a
financial incentive for accurate entry.
We used our own judgment to manually date all protests described in 100 randomly chosen
alerts, excluding 4 alerts due to ambiguities. Across the 96 remaining alerts, our parsing rules
identified 83 dates with protest, of which we classify 69 as correct and 14 as incorrect. Across
3 We

also search for specific clauses such as “hundreds of people gather” that, according to our reading of alerts,
typically indicate that the event was in the past even though they are written in the present tense.

6

these same 96 alerts, the human data entry operators identified 119 dates with protest, of which we
classify 81 as correct and 38 as incorrect.
B.2

Financial Indices

We obtain daily data on a range of financial indices. Online Appendix Figure 2 gives the dates of
coverage of each index for each sample country.4 We now discuss each index in more detail.
B.2.1

Exchange Rates

We obtain daily data on exchange rates with respect to the US Dollar for a set of currencies from
Bloomberg L.P. (2021a). We match currencies to countries using the ISO 4217.5
B.2.2

Sovereign Bond Indices

We obtain from Bloomberg L. P. (2018) and J. P. Morgan (2021) daily data on the yield index from
J. P. Morgan’s Emerging Market Bond Index Global (EMBIG). We use data quoted to maturity
whenever available (usually until 2018) and data quoted to worst otherwise. For 59 countries, we
observe data for both forms of quotes for at least 158 dates. Using these periods of overlap we
calculate the correlation between the daily change in the index quoted to maturity and the daily
change in the index quoted to worst, separately by country. We find that the correlation is above
0.9 for all 59 countries, and above 0.99 for all except 5 of these countries.
B.2.3

Stock Market Indices

We obtain from Bloomberg L.P (2021b) data on the MSCI Inc. (formerly Morgan Stanley Capital
International) indices. For each country, we observe a daily sub-index for MSCI price, measured
in the local currency, and a daily sub-index for MSCI trading volume.

4 To

accommodate weekends and holidays, we impute the value of each indicator to its last recorded value when there
is a gap of one or two days between consecutive recorded values.
5 Lithuania, Latvia, Malta, Slovenia, Slovakia, and Estonia began using the Euro as their official currency after 2000.
For these countries, we use the exchange rate of their official currency prior to the transition to Euro.
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Online Appendix Figure 1: Illustrations of Security Alert Parsing

protest-related term
date
generic text

Sample Alert A
Country: Nigeria
Published at: 2017-03-22
Title: Nationwide NULGE Protests Begin
Content: According to local media sources on Wednesday, 22 March, the Nigerian Union of
Local Government Employees (NULGE) has commenced a nationwide protest calling for a
constitutional amendment granting Local Government Areas autonomy. Protests began in
Nasarawa state and are predicted to continue across the country until President Muhammadu
Buhari intervenes. Travellers are advised to avoid political protests and exercise caution in
the vicinity of gathering crowds in order to minimise the risk of exposure to potential crowd
disturbances. Monitor local media sources for more information about how the protests will
affect specific regions and the effect these may have on overland travel.
Sample Alert B
Country: Peru
Published at: 2018-07-06
Title: Protest to be Held in Arequipa on 10 July over Cost of Public Transport
Content: According to local media reports, a protest march is set to be held in Arequipa city
over the high cost of public transportation. The action is being organised by a number of
civil society organisations and is set to occur on Tuesday, 10 July. Protesters are also angry
about poor service and regular accidents. Members in Arequipa are advised to avoid the
demonstrations due to the associated risks of exposure to opportunistic crime, unruly crowd
behaviour, and police crowd control measures. Monitor local media sources to remain aware
of current tensions and for any updates related to planned or ongoing unrest in your area of
operation.

Notes: For each sample alert we illustrate (i) terms used to identify protest-related alerts (highlighted in gray), (ii)
dates used to identify the date of the protest (italicized), and (iii) generic text that our parser ignores (grayed out).
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Online Appendix Figure 2: Date Coverage for Financial Indices, by Country

9

Online Appendix Figure 2: Date Coverage for Financial Indices, by Country (Continued)

10
Notes: For each country (in rows) and each financial indicator (in columns), the filled region of the timeline depicts the dates from October 2009 through December
2019 for which data are available.
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Additional Empirical Results
Online Appendix Figure 3: Estimates of Tolerance Under Alternative Specifications
Panel A: Modifying the Estimator
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Notes: Each row corresponds to a set of estimates of tolerance. The first column (“Relationship to baseline”) shows
a scatterplot of the rank of each country’s tolerance under the given set of estimates (y-axis) against the rank of
that country’s tolerance under the baseline estimates (x-axis), along with the 45-degree line. The second column
(“Relationship to freedom rating”) shows a box-and-whisker plot of the estimated tolerance for each country (y-axis)
with a given modal value of the FITW freedom of assembly rating (x-axis), as in Panel A of Figure 4. “Baseline”
corresponds to the baseline specification described
 in Section 4.5. “Protest occurrence within one day” corresponds
to modifying our estimator to zi = G1 ∑G
max
zi,s(g,i) , zi,s(g,i)+1 . “Exclude cells with ties” corresponds to excluding
g=1
from the calculation of zi any country-month g in which the largest estimated predicted protest probability occurs on
two or more distinct dates within the month.
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Online Appendix Figure 3: Estimates of Tolerance Under Alternative Specifications (continued)
Panel A: Modifying the Estimator (continued)
Relationship to freedom rating
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Notes: Each row corresponds to a set of estimates of tolerance. The first column (“Relationship to baseline”) shows
a scatterplot of the rank of each country’s tolerance under the given set of estimates (y-axis) against the rank of
that country’s tolerance under the baseline estimates (x-axis), along with the 45-degree line. The second column
(“Relationship to freedom rating”) shows a box-and-whisker plot of the estimated tolerance for each country (y-axis)
with a given modal value of the FITW freedom of assembly rating (x-axis), as in Panel A of Figure 4. “Cells as twomonth groups” corresponds to letting each g consist of two-month groups instead of a single calendar month. “Random
grouping of country-years” corresponds to randomly assigning calendar years to the groups G1 (i) and G2 (i), separately
by country, by placing years in a random order and then assigning every other year to G1 (i).
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Online Appendix Figure 3: Estimates of Tolerance Under Alternative Specifications (continued)
Panel A: Modifying the Estimator (continued)
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Notes: Each row corresponds to a set of estimates of tolerance. The first column (“Relationship to baseline”) shows
a scatterplot of the rank of each country’s tolerance under the given set of estimates (y-axis) against the rank of
that country’s tolerance under the baseline estimates (x-axis), along with the 45-degree line. The second column
(“Relationship to freedom rating”) shows a box-and-whisker plot of the estimated tolerance for each country (y-axis)
with a given modal value of the FITW freedom of assembly rating (x-axis), as in Panel A of Figure 4. “Richer set of
covariates” corresponds to including in covariates xit seven lags of standardized values of search query volume about
the country in the US and UK (Section 4.3), protest Twitter mentions in the country’s official languages (Section 4.3),
and a set of financial indices (Online Appendix B.2); an indicator for whether an election occurred in the given country
within seven days of the given date (Section 4.1); and an indicator for whether a protest occurred in the given country
on the same date in the previous year. “No penalty” corresponds to estimating the predictive model via unpenalized
maximum likelihood. “Country-specific coefficients” corresponds to estimating the predictive model underlying λ̂it∗
separately by country, excluding countries for which this is infeasible, and using half-years as folds.
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Online Appendix Figure 3: Estimates of Tolerance Under Alternative Specifications (continued)
Panel B: Modifying the Input Data
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Notes: Each row corresponds to a set of estimates of tolerance. The first column (“Relationship to baseline”) shows
a scatterplot of the rank of each country’s tolerance under the given set of estimates (y-axis) against the rank of
that country’s tolerance under the baseline estimates (x-axis), along with the 45-degree line. The second column
(“Relationship to freedom rating”) shows a box-and-whisker plot of the estimated tolerance for each country (y-axis)
with a given modal value of the FITW freedom of assembly rating (x-axis), as in Panel A of Figure 4. “Baseline”
corresponds to the baseline specification described in Section 4.5. “Exclude strikes” refers to excluding alerts whose
only protest-related keywords are strike-related, as described in Online Appendix B.1. “Include protests with an
uncertain date” corresponds to including protests whose dates we were not able to infer from text fields. For these
protests, we use rules described in Online Appendix Section B.1 to infer from the text fields whether the protest
occurred in the past, present, or future relative to the date of the alert, and we impute the date to be either the date
preceding the alert (past protests), date of the alert (present protests), or date after the alert (future protests).
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Online Appendix Figure 3: Estimates of Tolerance Under Alternative Specifications (continued)
Panel B: Modifying the Input Data (continued)
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Notes: Each row corresponds to a set of estimates of tolerance. The first column (“Relationship to baseline”) shows
a scatterplot of the rank of each country’s tolerance under the given set of estimates (y-axis) against the rank of
that country’s tolerance under the baseline estimates (x-axis), along with the 45-degree line. The second column
(“Relationship to freedom rating”) shows a box-and-whisker plot of the estimated tolerance for each country (y-axis)
with a given modal value of the FITW freedom of assembly rating (x-axis), as in Panel A of Figure 4. “Exclude
small protests” corresponds to excluding alerts that only mention protests attended by fewer than a thousand people.
“Exclude pro-regime protests” corresponds to excluding alerts that explicitly mention protests in favor of the regime
but do not explicitly mention protests against the regime.
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Online Appendix Figure 3: Estimates of Tolerance Under Alternative Specifications (continued)
Panel B: Modifying the Input Data (continued)
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Notes: Each row corresponds to a set of estimates of tolerance. The first column (“Relationship to baseline”) shows
a scatterplot of the rank of each country’s tolerance under the given set of estimates (y-axis) against the rank of
that country’s tolerance under the baseline estimates (x-axis), along with the 45-degree line. The second column
(“Relationship to freedom rating”) shows a box-and-whisker plot of the estimated tolerance for each country (y-axis)
with a given modal value of the FITW freedom of assembly rating (x-axis), as in Panel A of Figure 4. “Include protests
in MMDP/ICEWS” corresponds to including in zit country-dates classified as a protest day according to at least one of
MMDP or ICEWS protest indicators described in Section 4.2. “Exclude protests not in MMDP/ICEWS” corresponds
to excluding from zit protests for which MMDP does not indicate a beginning or ongoing protest in the same calendar
week, and ICEWS does not indicate any protest-related stories in the same calendar week, provided that the countryweek is covered by at least one of these sources.
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Online Appendix Figure 3: Estimates of Tolerance Under Alternative Specifications (continued)
Panel C: Modifying the Sample
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Notes: Each row corresponds to a set of estimates of tolerance. The first column (“Relationship to baseline”) shows
a scatterplot of the rank of each country’s tolerance under the given set of estimates (y-axis) against the rank of
that country’s tolerance under the baseline estimates (x-axis), along with the 45-degree line. The second column
(“Relationship to freedom rating”) shows a box-and-whisker plot of the estimated tolerance for each country (y-axis)
with a given modal value of the FITW freedom of assembly rating (x-axis), as in Panel A of Figure 4. “Baseline”
corresponds to the baseline specification described in Section 4.5. “Tighten population threshold” corresponds to
restricting the sample to countries with a population of at least in 2,000,000 2010, keeping the alerts threshold as in
baseline. “Tighten alerts threshold” corresponds to restricting the sample to countries in which there is at least one year
in the sample period with at least 20 alerts in the Crisis24 database, keeping the population threshold as in baseline.
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Online Appendix Figure 4: Relationship Among Alternative Indicators of Protest Activity
Panel A: MMDP
Pr(protest), alternative indicator
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Panel B: ICEWS
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Notes: The figure shows daily event-study plots of protest indicators based on MMDP (Panel A) or ICEWS (Panel
B) around the occurrence of protest according to our main indicator zit . Each plot is constructed from a regression in
which the unit of analysis is the country-date and the model includes country and date fixed effects. The independent
variables of interest are seven leads (relative days -7 through -1) and seven lags (relative days 1 through 7) of our main
protest indicator zit , as well as two variables reflecting the cumulative number of protests more than seven days in the
future and more than seven days in the past. The contemporaneous protest indicator is excluded as a normalization.
We recenter the y-axis in each plot by adding a constant equal to the sample mean of the dependent variable on dates
with zit = 1. The inner bars depict 95% pointwise confidence intervals and the outer lines depict 95% uniform sup-t
bands, both based on inference clustered by country.
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Online Appendix Figure 5: Estimated Tolerance by Country
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Notes: The figure shows the estimated tolerance zi in each country, computed following Section 4.5, along with a pointwise 95% Clopper-Pearson confidence
interval. Countries are arranged in ascending order of estimated tolerance within continent groups.

Online Appendix Figure 6: Protest Tolerance Around Elections, Controlling for Incidence
Democracies
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Notes: The figure shows monthly event-study plots of protest tolerance around elections, controlling for protest incidence. Each plot is constructed from a separate regression in which the unit of analysis is the country-month, the
dependent variable is the estimated tolerance zi,s(g,i) of each country i in each month g, and the model includes a
control for an indicator maxt∈g zit for the occurrence of protest in country i in month g, as well as fixed effects for
country and for calendar month. The independent variables of interest are 12 leads and lags of an indicator for the
occurrence of an election, and two variables reflecting the cumulative number of elections 13 or more months in the
future and the cumulative number of elections 13 or more months in the past. The contemporaneous election indicator
is excluded as a normalization. We recenter the y-axis in each plot by adding a constant equal to the sample mean
of the dependent variable in election months. The inner bars depict 95% pointwise confidence intervals and the outer
lines depict 95% uniform sup-t bands, both based on inference clustered by country. In the plot on the left the sample
includes country-years classified as non-democracies (autocracies or anocracies) by the Polity Project. In the plot on
the right the sample includes country-years classified as democracies by the Polity Project.
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Online Appendix Figure 7: Protest Tolerance and Incidence Around International Meetings and
Sporting Events
Incidence of Protest
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Notes: The figure shows monthly event-study plots of protest tolerance and protest incidence around international
governmental meetings and sporting events. Each plot is constructed from a separate regression in which the unit of
analysis is the country-month and the model includes fixed effects for country and for calendar month. The independent variables of interest are 12 leads and lags of an indicator for the occurrence of an international event, and two
variables reflecting the cumulative number of international events 13 or more months in the future and the cumulative
number of international events 13 or more months in the past. The contemporaneous international event indicator is
excluded as a normalization. We recenter the y-axis in each plot by adding a constant equal to the sample mean of
the dependent variable in event months. The inner bars depict 95% pointwise confidence intervals and the outer lines
depict 95% uniform sup-t bands, both based on inference clustered by country. In the plot on the upper-left (“Tolerance of Protest”), the dependent variable is the estimated tolerance zi,s(g,i) of each country i in each month g. In the
plot on the upper-right (“Incidence of Protest”), the dependent variable is an indicator maxt∈g zit for the occurrence
of protest in country i in month g. In the plot at the bottom (“Tolerance, Controlling for Incidence”), the dependent
variable is the estimated tolerance zi,s(g,i) of each country i in each month g, and the regression includes the indicator
maxt∈g zit for the occurrence of protest in country i in month g as a control. The international governmental meetings we consider are organized by ACS, APEC, ASEAN, AU, BRICS, CARICOM, CHOGM, COMESA, ECOWAS,
European Council, G7, G15, G20, IGAD, LAS, NATO, NC, OIC, OSCE, PIF, SAARC, and the UN. The sporting
events we consider are AFC Asian Cup, AFC Champions League Finals, Asian Games, CAF Africa Cup of Nations,
UEFA Champions League Finals, Commonwealth Games, CONCACAF Gold Cup, Confederations Cup, COMEBOL
CONMEBOL Copa America, CONMEBOL Libertadores Finals, Cricket World Cup, Gulf Cup, OFC Nations Cup,
Summer Olympics, Tour de France, UEFA European Championship, Wimbledon, Olympics, FIFA Women’s World
Cup, and the FIFA World Cup.
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