
UCLA
UCLA Previously Published Works

Title
How State and Protester Violence Affect Protest Dynamics.

Permalink
https://escholarship.org/uc/item/6d63p84b

Journal
The Journal of Politics, 84(2)

ISSN
0022-3816

Authors
Steinert-Threlkeld, Zachary
Chan, Alexander
Joo, Jungseock

Publication Date
2022-04-01

DOI
10.1086/715600
 
Peer reviewed

eScholarship.org Powered by the California Digital Library
University of California

https://escholarship.org/uc/item/6d63p84b
https://escholarship.org
http://www.cdlib.org/


How State and Protester Violence Affect Protest Dynamics

Zachary C. Steinert-Threlkeld,
University of California, Los Angeles

Alexander M. Chan,
University of California, Los Angeles

Jungseock Joo
University of California, Los Angeles

Abstract

How do state and protester violence affect whether protests grow or shrink? Previous research 

finds conflicting results for how violence affects protest dynamics. This article argues that 

expectations and emotions should generate an n-shaped relationship between the severity of state 

repression and changes in protest size the next day. Protester violence should reduce the appeal of 

protesting and increase the expected cost of protesting, decreasing subsequent protest size. Since 

testing this argument requires precise measurements, a pipeline is built that applies convolutional 

neural networks to images shared in geolocated tweets. Continuously valued estimates of state and 

protester violence are generated per city-day for 24 cities across five countries, as are estimates of 

protest size and the age and gender of protesters. The results suggest a solution to the repression-

dissent puzzle and join a growing body of research benefiting from the use of social media to 

understand subnational conflict.

Although formal and empirical research has established the importance of large protests 

(DeNardo 1985; Wouters and Walgrave 2017), their dynamics remain less understood. For 

example, Biggs (2003) argues for a positive feedback loop but does not specify when an 

initial protest is more likely to generate that process, and built environments or electoral 

fraud encourage protest participation (Tucker 2007; Zhao 1998). Empirical investigations 

have generated contradictory results for decades, making repression and protest dynamics 

an enduring puzzle (Davenport 2007). Studying these dynamics has been difficult because 

existing methodologies generate coarse (ordinal) estimates of violence and have difficulty 

measuring the size of protests, possibly contributing to the literature’s conflicting results.

How violence affects protest dynamics depends on its source and severity. When it comes 

from the state, low amounts of violence mobilize more protesters while high amounts 
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demobilize them, creating an n-shaped relationship between state violence and subsequent 

protest size. Lower than expected costs to protest and emotional backlash increase protest 

size, while higher than expected costs and dispiriting emotions shrink it. Protester violence 

always leads to smaller protests because it decreases the appeal of protesting and increases 

the probability of state violence.

In addition to explaining the importance of the source and severity of violence, this 

article improves the measurement of violence and protest size with a new methodology 

(computer vision) applied to large data (millions of geolocated tweets containing images). 

A convolutional neural network (CNN) is developed to recognize protest images. Of 42.6 

million tweets from protest waves across five countries, 4.6 million contain an image. 

Approximately 115,000 of these images likely contain a protest. A second CNN generates 

binary and continuous measures of state and protester violence; these classifiers out-perform 

Google Vision, a third-party CNN. This scene classifier is complemented with a third 

CNN, a face classifier. This classifier estimates the gender and age of each face, allowing 

us to control for well-known correlations between these demographic features and protest 

participation (Nordås and Davenport 2013; Schaftenaar 2017). Summing faces in protest 

images generates estimates of protest size, and extensive corroboration shows that these 

estimates are consistent with actual protest size. This pipeline generates daily estimates of 

the size of protest, the severity of state and protester violence continuously valued from [0, 

1], and potential confounds for 24 cities in five countries.

The next section explains how state and protester violence should affect protest size. After, 

detail on measuring and validating the concepts is provided. Then we explain how the 

concepts are measured and validate the classifier estimates. The penultimate section presents 

results and a battery of robustness checks. The conclusion suggests directions for future 

research.

PROTEST DYNAMICS

Protesters want to join a large protest since they have larger net benefits because the 

probability of suffering repression is lower and the probability of policy change is higher. 

Costs and benefits are uncertain a priori, however, so individuals use realized state and 

protester violence to calculate their payoffs (Shadmehr and Bernhardt 2011). State violence 

causes different responses depending on its severity, generating an n-shaped relationship 

between it and subsequent protest size. Protester violence should always decrease protest 

size because it decreases the consumption benefit of protest while increasing the probability 

of repression.

The importance of large protests

Three assumptions lead to the conclusion that large protests are more likely to change policy 

than small ones. If (1) the purpose of a protest is to convince political leaders to change 

a policy, (2) a leader cares about the median voter (Downs 1957) or his or her winning 

coalition exhibits some response to the median person (Bueno de Mesquita et al. 2003), and 

(3) a large protest’s policy preference is closer to the median individual than a small one’s, 

then a large protest is more likely to change policy than a small one.
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Protest size matters regardless of a country’s political institutions. In democracies, voting is 

the most common method of policy change but occurs infrequently. Protests, however, can 

occur at any time and usually have a clear policy goal (Battaglini 2017), and they provide 

an additional outlet for revealing pressing sentiments. While protest is unlikely to change an 

autocrat’s policy, it nonetheless provides a key signal of discontent to which a government 

can respond (Bratton and Van de Walle 1992). This signal is especially pertinent if opinion 

polling is unreliable (Robertson 2007) or the media are not free (Qin, Strömberg, and Wu 

2017).

This argument holds without assuming a leader aims for the median individual’s policy 

preference. If a leader only desires to stay in power and a large protest means the probability 

of remaining in power is lower than the leader previously believed, a large protest is still 

more likely to lead to policy change than a small one. Although a regime should become 

less responsive to protests as its selectorate shrinks (Bueno de Mesquita et al. 2003), the 

importance of large protests increases inversely with the size of the selectorate since other 

mechanisms of policy change are foreclosed. This theory should therefore apply in a wide 

range of regimes such as rentier states, single-party regimes, and those with low Polity 

scores. While a large protest is not necessarily successful, almost all successful protests are 

large.

State violence

State violence at protests should generate an n-shaped relationship via two mechanisms.1 

First, how protesters and bystanders respond to repression depends on its severity relative 

to expectations, not an absolute level. If individuals protest when the expected benefit 

outweighs the expected cost and the probability of suffering repression affects expected cost 

(Tullock 1971), then individuals decide to mobilize because of some expectation of harm. 

If the realized probability of harm is lower than the value an individual used in a personal 

calculation, then there will be bystanders who now expect to benefit from protesting. So 

long as the repression is not larger than expected for a larger number of those already 

protesting, repression can generate growth in protest size. If, however, repression is more 

severe than expected, more protesters will demobilize than bystanders mobilize, and protest 

size decreases. This relative expectation mechanism operates similarly to expectations about 

protester identity in information-signaling models (Lohmann 1994).

Second, repression triggers reflexive emotional responses that can cause more or fewer 

people to mobilize, depending on the emotions triggered (Jasper 2011). When repression 

generates emboldening emotions such as anger, joy, or pride, protesters are more likely to 

persist and bystanders are more likely to mobilize. Anger incites a desire to confront the 

agents committing repression and facilitates blame attribution against the state. Joy reflects 

pleasure as protesters sense progress toward their policy goal. Pride enhances feelings of 

self-worth and belonging, especially in contrast to “bad” state agents (Pearlman 2013).

Repression can also trigger dispiriting emotions such as fear, sadness, and shame, causing 

protest size to decrease. A fearful protester is more likely to cease protesting in order 

1.“State violence” refers to what others call “protest policing” (Earl et al. 2013).
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to escape the threat of repression. A sad one has determined that the current policy 

cannot be changed by individual action. Others may feel shame, the belief that they have 

personally failed. In these cases, protesters demobilize and bystanders continue standing 

by: protests shrink in size. In addition, these emotions change individuals’ risk aversion, 

perceived repression risk, and strategic consideration about other potential protesters, 

making individuals less likely to join a protest (Young 2019).

Emotions are especially useful for understanding how low amounts of repression can cause 

larger protests even when following no repression. If a protest at t0 has p0 participation and 

no repression, any repression at t1 should cause p1 < p0, ceteris paribus. But if repression 

induces feelings of anger, joy, or pride in more people than it creates fear, sadness, or 

shame, p1 > p0. This backlash effect is in addition to any increase in size due to the first 

mechanism, difference in expectations. As Siegel (2011, 1005) shows: “Less obvious is that, 

if anger is strong enough, participation levels can be higher under repression than absent 
it. Individual anger at local repression endogenously enables aggregate backlash. Further, 

for weak repression, comparatively little anger is needed to achieve backlash against the 

repressive entity.” Emotions do not transform a calculating individual into an instinctual one. 

They do not replace calculation: they are inputs to that process.

Finally, we assume that a low level of repression triggers emboldening emotions while 

severe repression induces the dispiriting ones. If expectations and emotions influence 

protesters as described and the relationship between repression and triggered emotions 

follows the just-stated assumption, then:

H1. There exists an n-shaped relationship between the severity of state repression 

and the size of a protest the next day.

This relationship should hold in democracies and autocracies. For example, 2005 protests 

against chemical plants in Huashi, Zhejiang, drew much greater participation after an 

initial attempt to remove protesters’ encampments led to hundreds of injuries; authorities 

eventually closed the plants (O’Brien and Deng 2015). The Occupy Wall Street movement 

in the United States experienced a surge in participants after New York City police arrested 

over 700 protesters marching on the Brooklyn Bridge, generating anger. In Egypt, the 

protests starting on January 25, 2011, were met with initial state resistance and some 

casualties; 18 days later, the Armed Forces forced President Hosni Mubarak to abdicate. 

Two years later, the Armed Forces launched a coup against the elected president, Mohamed 

Morsi. Large pro-Morsi protests erupted and continued for six weeks. The Armed Forces’ 

initial attempts to demobilize them were counterproductive; finally, morning massacres on 

August 14 at the two main encampments killed at least 1,000 protesters, injured even more, 

and heralded the return of military rule (Shakir 2014).2

2.The expectation of backlash conditional on repression severity is consistent with Francisco’s (2004) argument for a strictly positive 
relationship between the two. Backlash in that theory encompasses nonprotest actions such as strikes, building occupations, or 
guerrilla action and allows for this substitution to occur much later (Moore 2000). The tests of that backlash theory also find that 
protesters initially demobilize in response to severe repression, in line with this article’s argument.
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Protester violence

Protesters can also engage in violence, so a theory of protest dynamics should take their 

action into account. Protester violence should always decrease the size of protests for two 

reasons: it decreases the number of bystanders to whom protesting appeals and increases the 

cost of protesting to the remaining bystanders not deterred by protester violence.

One method by which bystanders determine whether to mobilize is to compare protesters’ 

ideological distance from their own (Lohmann 1994). Since most individuals do not support 

violence or receive consumption value from it (Muñoz and Anduiza 2019; Simpson, Willer, 

and Feinberg 2018), protester violence signals that protesters, and therefore the policy 

changes for which they agitate, are likely not near the median policy preference. Being far 

from the mainstream, bystanders continue to stand by because the new policy the violent 

protesters seek is inferred to not reflect nonprotesters’ preferred policy.

Protester violence decreases the likelihood of regime defections, further decreasing the pool 

of potential protesters. Peaceful protest convinces regime agents of their physical safety 

should they defect, increasing the probability that police, members of the armed forces, or 

legislators switch allegiances (Stephan and Chenoweth 2008). Violent protesters, however, 

induce fear in these agents that they will meet the same fate if they do not remain loyal. 

Violence therefore reduces the pool of those willing to protest, making the state stronger 

than if facing an otherwise equivalent peaceful protest.

Protests containing protester violence are seen as less legitimate than peaceful ones (Bashir 

et al. 2013), increasing the probability of repression and therefore the cost of protest. 

Peaceful protests enjoy high domestic and international legitimacy, so state violence against 

them risks generating a backlash that increases subsequent protests’ size. But since the state 

can frame violent protesters as rioters, terrorists, or foreign agitators (Benford and Snow 

2000), bystanders are more supportive of repressing violent protests than nonviolent ones 

(Murdie and Purser 2017). For the same reasons, the state is also less likely to receive 

international sanction when repressing violent protests.

Conversely, protester nonviolence increases the probability that a protest grows in size, 

especially when states repress. Because nonviolence increases the legitimacy of protests, 

it decreases the probability that a state represses, as the state will pay large reputation 

costs. The lower probability of repression induces more bystanders to mobilize, generating 

a positive feedback loop (Biggs 2003). In Morocco, for example, attempts to repress 

nonviolent protesters at the start of the Arab Spring led to larger crowd sizes (Lawrence 

2017), and government violence in Tunisia did not prevent the spread of those protests.

Since protester violence alienates bystanders and potential regime defectors and increases 

the cost of protesting, it should be that:

H2. There exists a negative relationship between the severity of protester violence 

and the size of a protest the next day.
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METHODOLOGY

Research finds that state repression decreases protest (Moore 2000; Olzak, Beasley, and 

Olivier 2003), increases it (Davenport and Armstrong 2004; Gurr and Moore 1997; Hess 

and Martin 2006), or has no effect (Gupta, Singh, and Sprague 1993; Ritter and Conrad 

2016). While this article is not the first to suggest repression severity generates an n-shaped 

relationship, previous studies have relied on coarse measures such as ordinal variables or 

annual number of political detainees at the country level. By generating a more precise 

measure of the severity of repression, this article resolves these contradictory findings.

Since the effect of state violence should vary on the basis of its severity, precise measures 

of it are required. Image analysis enables this precision in two ways. First, CNNs will 

generate continuously valued estimates from [0, 1]. Current leading data sets, by contrast, 

map violence onto different discrete categories (values of an ordinal variable). For example, 

the Social Conflict Analysis Database, Urban Social Disorder, and Armed Conflict Location 

and Event Data (ACLED) data sets record repression as a binary variable (Raleigh et al. 

2010; Salehyan et al. 2012; Urdal and Hoelscher 2012). Repression elsewhere is coded as 

ordinal or nominal (Clark and Regan 2016; Goldstein 1992; Stephan and Chenoweth 2008), 

including in machine-coded event data (Boschee et al. 2015). Second, whether one text (e.g., 

a newspaper article) shows that a protest is violent will depend on the language used and 

the research teams’ interpretation of that language. Researchers thus necessarily have to use 

coarse measures for large-n analysis. The closest continuously valued measure of repression 

is fatalities, which is not always recorded and is the most severe type of state violence. When 

focusing on violence in one setting, scholars have been more successful at disambiguating it 

to generate ordinal measures (Khawaja 1993; Olivier 1991).

This article develops three classifiers based on CNNs to automatically code the variables 

of interest: one identifies protest images, a scene classifier extracts data from them, and a 

face classifier generates size estimates and demographic controls.3 The pipeline outlined 

in table 1 resembles the approach described in Zhang and Pan (2019). Step 1 uses 

keywords, including hard negatives like “concert” or “stadium,” and Google Image Search 

to acquire training images. Step 2 then trains a CNN on these images. Step 3 uses this 

classifier to identify protest images from just under 43 million geolocated tweets, resulting 

in 40,764 protest images. In step 4, workers from Amazon Mechanical Turk label these 

Twitter images. To measure state and protester violence, annotators are presented pairs of 

images and asked which is more violent, and the Bradley-Terry model generates continuous 

estimates from the resulting ordering (Bradley and Terry 1952). Each image is coded by 

at least two individuals; a third is used to break ties. These labels then train the second 

classifier (step 5), and this classifier provides the estimates for state and protester violence. 

Separately, in step 6, a third classifier assigns gender and age estimates to identified faces 

(Kärkkäinen and Joo 2019); the count of faces provides an estimate of protest size, and the 

demographic estimates generate control variables. These steps result in 40,764 tweets with 

3.The first two classifiers are in fact partially combined in implementation such that one integrated classifier can generate two sets 
of outputs, although they differ conceptually. This is called multitask learning (Girshick 2015). We discuss two classifiers separately 
because they are trained on different data and used in different steps.
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new data about the demographics of individuals and severity and type of violence recorded 

in each image.

Figure 1 shows sample images of protest (fig. 1A), state (fig. 1B), and protester (fig. 1C) 

violence that the pipeline identifies. For an overview of CNNs, see appendix section S1. 

Section S2 provides additional detail on our pipeline and validation of the results. Section 

S3 shows manual validation from a team of research assistants specifically trained for this 

project.

Data

We identify five protest periods from polities with diverse population, income, and 

institutional characteristics, mitigating the risk that subsequent findings arise from 

underlying similarities in the cases. These polities are Hong Kong, Pakistan, South Korea, 

Spain, and Venezuela. The primary criterion is to construct a sample from different types 

of regimes, which we measure with the Polity4 score. Hong Kong has a score of −4; 

Venezuela, 4; Pakistan, 7; South Korea, 8; and Spain, 10. We also consulted the Varieties 

of Democracy data set to ensure these countries contain different media environments 

(e_v2xme_altinf_5C) and civil society freedom (e_v2xcs_ccsi_5C). With their varying 

amounts of freedom of assembly, the press, and civil society, studying these countries 

minimizes, although it does not eliminate, the possibility that results derive from case 

selection.

Table 2 details the cities included from these countries, the issues driving protest, and the 

frequency of protest images per city. For each period, we searched from one week before 

the first reported protest and one week after the last one. This process identifies 42,579,188 

tweets containing 4,456,981 images. Keeping only tweets whose images generate a protest 

score of at least .849 results in 26,142 tweets with images.4 These tweets are the data used 

for regressions.

We then aggregate tweets to their city of origin and the day they were created. Cities are 

kept for analysis when at least one-seventh of their days contain a protest image. Table 2 

shows these 24 cities, which account for 6,303 protest images. (Most images do not have a 

location resolution more precise than the country.) These 6,303 protest images spread across 

4,143 city-days. We treat missing dates as true zeroes, and a robustness check shows that 

this interpolation does not change results. Some of these images are duplicates, but later 

deduplication shows they do not affect inference.

Using these data introduces two ethical concerns. First, it is possible that minors are part 

of this study, as Twitter does not perform age verification for accounts and minors could 

appear in others’ photos. Although many protests, such as Hong Kong’s or the 2019 protests 

in Chile, feature prominent actors under age 18, we have only used faces from individuals 

estimated to be at least 20 years old. Second, protesters may not be as anonymous as 

they think. Although these data are observational and publicly available, individuals in 

photographs may not have consented to appear in those photographs. Authorities could 

4.This threshold is the value that maximizes recall with .85 precision.

Steinert-Threlkeld et al. Page 7

J Polit. Author manuscript; available in PMC 2023 December 15.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



monitor images shared on social media to identify people who protested; many already do 

(Purdy 2018).5 To prevent the identification of individuals in our data, we have released only 

the aggregated city-day data.

Operationalization

The dependent variable is Log10(Protest Size)i,t, the logarithm of the sum of the number of 

faces in all protest photos from city i on day t. Because the resulting numbers are certainly 

lower than the true protest size (the largest protest in our data set contains 627 faces), five 

checks are performed to provide confidence that this operationalization actually measures 

protest dynamics. The estimates generated are consistent with others’ and record actual 

events.

The first check manually validates the face counts per photo. To complement the manual 

validation from Amazon Mechanical Turk that figures A3–A5 (figs. A1–A22 are available 

online) show, we trained a team of three students to count faces in images and label whether 

they contain state or protester violence; we then compare their coding to our classifier’s 

estimates. The number of faces the human coders identify closely matches the classifier’s 

face count, and images humans label that contain state or protester violence receive much 

higher classifier estimates for those labels than those that do not. Appendix section S3 

presents measures of intercoder reliability, and figure A10 shows this comparison.

Second, size estimates for large protests could be biased upward if the number of images 

and faces per image increases with protest size. Figure A11 shows no linear relationship 

between the size of a protest and the number of faces per photo. City-days with larger 

protests are therefore driven by the production of more protest images, not the sharing 

of crowded images. This result matches other work finding that counting faces in protest 

images generates accurate estimates of protest size variation (Sobolev et al. 2020).

Next, we consult other sources’ estimates of protest size in Barcelona, Caracas, Seoul, 

and Hong Kong. For Caracas, we use crowd density estimates of protest images from 

Venezuelan newspapers (Rodríguez 2020); this methodology is used widely because it 

generates accurate estimates of large crowds without directly counting every participant 

(McPhail and McCarthy 2004).6 For Barcelona and Hong Kong, we trained a team of 

undergraduates to follow the coding procedure and sources of Weidmann and Rod (2018). 

That approach did not generate enough size estimates for Seoul, so we use police and 

activist size reports provided by Wikipedia.7 Table 3 shows this correlation for matched 

events and the results of two residual tests. Although higher correlations are preferable, the 

residual plots of figure A12 show that Log10(Protest Size)i,t is not biased as a function of 

the protest size recorded in other sources. Therefore, Log10(Protest Size)i,t is a noisy but 

consistent estimate of protest size available from other sources.8

5.At the same time, shared protest images can identify incriminating state behavior that would otherwise be denied (Lim 2013).
6.We also tried the Mass Mobilization in Autocracies Database (MMAD) data set (Weidmann and Rod 2018), but it recorded numeric 
estimates of protest size for only four events. Correlation with those is greater than .9.
7.See https://ko.wikipedia.org/wiki/박근혜_대통령_퇴진_운동.
8.The other sources are not used for size estimates because they contain too many false negatives.
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Fourth, this pipeline recovers a very large percentage of protests identified in other event 

data sets for these countries, as table 4 shows. The top row shows the number of city-days 

with protest observed using geolocated images for each city, region, or country. These 

records are compared to three leading event data sets; each cell includes the number of 

events that data set records and the percentage of those this methodology captures. These 

results are in line with what Zhang and Pan (2019) find for Sina Weibo in China: their 

protest detection pipeline finds 52% of the events the Integrated Crisis Early Warning 

System (ICEWS) does, 56% of the Global Database of Events, Language, and Tone’s, 

and 88% of WiseNews’s. Note as well that most events we record are not recorded in 

the other event data sets, in line with similar comparisons in Chile, China, and Venezuela 

(Steinert-Threlkeld and Joo 2020; Steinhardt and Goebel 2019).9

Finally, the temporal variation of protest size is consistent with actual events. Figure 2 shows 

this result: the correspondence is consistent and appears to be more than chance. We did not 

attempt to label every peak, but other work has found that social media records protests at 

least as well as other event data sets (Dowd et al. 2020).

The violence variables to test hypothesis 1 are Percieved State Violencei,t−1 and its square. 

For hypothesis 2, we use Perceived Protester Violencei,t−1. These are the average of the 

classifier estimate for all protest images per city-day. Figure A13 shows a time series of the 

mean state violence recorded in protest images for the same four cities.

We describe the violence variables as “perceived” for three reasons. First, the true amount 

of violence is unknown because violence is a latent concept, not a physical entity, like 

temperature or pressure, directly measurable. Second, the images people share may be 

strategically chosen. This possible selection effect is true of any event data that rely on 

secondary sources, which is to say almost all event data. For discussion and analysis of bias 

that these measures may introduce, see appendix section S8. Third, the main analysis does 

not deduplicate images, meaning images that are shared often will have a greater impact on 

people’s decision-making process than those only tweeted once. Deduplicating images to 

more closely approximate the “true” violence at events does not change results, as table 6 

shows.

Model

In addition to the operationalizations detailed in the previous section, we include six control 

variables. Two are demographic: the gender and age attributes of protesters. A society with 

greater gender equality is more likely to see nonviolent than violent action (Schaftenaar 

2017), and the same is true at the movement level (Asal et al. 2013). The percentage of 

protesters who are male, Male Percenti,t−1, is therefore a variable for which we control. 

Since youth often spearhead mass protests and these effects are amplified when there are 

many of them, the percentage of participants ages 20–29, Young Adult Percent i,t−1, is a 

variable for which we control (González 2020; Urdal 2006).10

9.Steinert-Threlkeld and Joo (2020) and Steinhardt and Goebel (2019) do provide exact comparisons but show that social media 
generates data on many more events than MMAD or ICEWS in Venezuela, about the same amount as ACLED in Chile, and much 
more than domestic and international organizations in China.
10.The oldest age of legal adulthood (Japan) of which we are aware is 20, so we use it to be cautious.
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We also generate two binary variables, Policei,t−1 and Firei,t−1. The police and fire 

variables are the sum of images containing a police officer or firefighter, respectively, 

based on the thresholds identified in table A2 (tables A1–A14 are available online). The 

variable Policei,t−1 provides another estimate of repression, while Firei,t−1 approximates 

protester violence (fig. A14 shows that fire and protester violence have the highest city-day 

correlation of any two variables). Fifth, Tweetsi,t−1 is the number of lagged protest images 

per country-day and controls for any protest information not directly measured, such as 

tactical knowledge about a protest (Little 2015). Sixth, we include a lagged dependent 

variable to account for autocorrelation as well as any regression to the mean. Table 5 

provides descriptive statistics of these variables.

We build three models. The first uses only covariates that measure violence. The second 

focuses on the demographic control variables. The final model combine the two sets of 

variables. All independent variables are lagged one day. All models include city fixed 

effects and city-clustered standard errors. To guard against overfitting, we use fivefold 

cross-validation. Ordinary least squares is the estimator.

RESULTS

Results match expectations: low amounts of state violence correlate with larger subsequent 

protests (p < .001), although severe enough violence correlates with subsequently smaller 

protests (p < .001). When protesters engage in violence, recorded subsequent protest size is 

smaller (p < .05). In addition, protester violence has a much smaller coefficient than either 

state violence variable, with the largest magnitude occurring when states engage in high 

levels of violence. Table A5 shows these results.

Figure 3 shows marginal effects of state and protester violence from that model. From 

values of [0, .3), state violence correlates with larger subsequent protest. At that amount 

of violence, protest size the next day is 137% higher than if there were no state violence. 

Moreover, state repression usually leads to larger protests: only 77 of 1,467 city-days of 

protest contain average state violence greater than .3. Increased protester violence always 

correlates with subsequently smaller protest. The change, however, is much smaller than for 

state violence: moving from no protester violence to its mean (.035) correlates with a 2% 

smaller protest, while the difference between state violence and its mean is an increase of 

just over 17%. A 1 standard deviation increase of state violence from 0 correlates with a 

63% increase in protest size; a 1 standard deviation increase in protester violence from 0 

correlates with a 12% smaller protest.

ROBUSTNESS CHECKS

A series of robustness checks on state violence confirms its n-shaped relationship with 

subsequent protest size. First, images with more violence could contain fewer faces, causing 

the regression results to be driven by measurement problems. While lagging the independent 

variables mitigates this concern, figure 4 shows that no relationship appears to exist between 

the violence an image records and the number of faces contained therein. To the extent 

that one does, it is actually slightly positive, biasing against finding a negative relationship. 
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Second, the n-shaped relationship between state violence and the next day’s protest size 

could be an artifact of fitting a parametric model with a square term. Figure 5 shows 

the results of tests demonstrating the persistence of this relationship. Whether fitting a 

local average of the relationship between Percieved State Violencei,t−1 and Log10(Sum of 

Faces)i,t or a spline with 50 knots, binning Perceived State Violencei,t−1 into 10 evenly 

spaced groups, or regressing Perceived State Violencei,t−1 on partial residuals, the n-shaped 

relationship between state violence and subsequent protest size holds.

Strategic behavior of protesters and state agents may endogenously cause the observed 

correlations. Protesters often seek international attention because it increases their 

legitimacy and raises the cost of repression (Bruns, Highfield, and Burgess 2013), and 

protesters are strategic about the language in which they make these appeals (Driscoll and 

Steinert-Threlkeld 2020; Metzger, Nagler, and Tucker 2015). These appeals may downplay 

protester violence and exaggerate the size of protests. To deter protester coordination, state 

actors will emphasize protester and state violence as well as downplay the size of crowds.

Table 6 shows that tests for this strategic behavior do not change inferences. Model 1 

restricts analysis to those tweets in the country’s lingua franca, as they are the most 

relevant for local actors. Model 2 drops tweets from bots (accounts controlled by computer 

code) since actors use them to strategically amplify messages.11 Since strategic actors may 

emphasize particular protest features by repeatedly sharing photos, model 3 keeps only the 

first occurrence of an image.12 Strategic actors are also more likely to have many followers 

(authority figures) or few (bots), so model 4 restricts analysis to only tweets from accounts 

within the 25th–75th percentile of their country’s follower distribution. Model 5 focuses on 

attempts to manipulate estimates of protest size by making the dependent variable equal the 

logarithm of the number of unique accounts that share protest images. This new dependent 

variable is not affected by images chosen for the number of protesters they show or strategic 

actors tweeting frequently.

Across all models save the last, the results for state violence stay the same; model 5 also 

records an n-shaped relationship, but the coefficient on the squared term is too small to 

be statistically significant. (Table A8 shows that the raw number of users re-creates the 

n-shaped relationship.) Inferences about protester violence also do not change except for one 

model, model 3; its sign is still the same, and results weighted by the number of tweets per 

city-day (table A9) make the variable significant again.

Finally, table 7 shows that accounting for more complicated time dynamics does not change 

inferences about state violence, although it weakens the negative correlation of protester 

violence and subsequent protest size. A partial autocorrelation plot suggests 15 lags of 

the dependent variable, which model 1 includes. Model 2 includes weekend fixed effects, 

and model 3 includes weekday ones. Model 4 includes a control for the protest duration 

11.We submit every user to the Botometer service and remove tweets with a complete automation probability ≥ .4, the threshold that 
produces the most accurate classification of bots (Varol et al. 2017). Table A13 shows that no more than 10.8% of tweets in any city 
are from bots.
12.The data do not contain retweets because Twitter does not assign coordinates to retweets. They contain replies, and replies contain 
the image of the original tweet. Appendix sec. S11 explains the deduplication methodology, and table A14 shows the percentage of 
tweets per city that are duplicates.
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and the number of consecutive days of state repression. In all specifications, the n-shaped 

relationship of state violence and subsequent protest remains statistically significant. Models 

1 and 4 no longer find significant results for protester violence, suggesting that protesters 

may become more violent, the longer a protest lasts. Model 4 also shows that protests 

decrease in size over time, although persistent state violence correlates with larger protests.

Appendix section S8 presents two checks of the data-generating process to address concerns 

about selection bias. Users who share protest images may differ from those who share 

nonprotest images; figure A15 shows, and t-tests confirm, these users do not differ. Users 

may strategically choose the level of geographic specificity to assign to a tweet, depending 

on the tweet content. Figure A16 shows the distribution of estimates for number of faces and 

perceived state and protester violence by country and four levels of geographic specificity. 

Most tweets are with neighborhood or city specificity, and the classifier results do not 

systematically vary by geographic level within a country.

Appendix section S9 presents nine additional robustness checks. Section S9.1 performs 

the same nonparametric examinations of Perceived Protester Violencei,t−1 that were 

performed on Perceived State Violencei,t−1. Section S9.2 presents the results from a vector 

autoregression, the results of which are consistent with table A5. Section S9.3 aggregates 

tweets to their state or country to see whether individuals selecting the tweet’s geographic 

level biases results. Section S9.4 confirms that modeling days without protest images as 

days of no protest does not affect results. Section S9.5 shows that different transformations 

of the dependent variable do not change results. Section S9.6 weights city-days by number 

of tweets and their inverse; results do not change, suggesting these findings are not an 

artifact of Twitter prevalence in certain locales. Section S9.7 analyzes tweets most likely to 

originate at a protest: those from mobile phones or during protest hours. Section S9.8 shows 

results controlling for tweets about protest but without images. Section S9.9 disaggregates 

results by country. In all models, the protester and state violence variables exhibit the same 

relationships found in the other results, although protester violence’s coefficient occasionally 

becomes close enough to zero to be indistinguishable from it.13

DISCUSSION

The results presented here suggest that state violence generates an n-shaped correlation with 

subsequent protest size, while protester violence is consistently negative. While emphasizing 

the severity of repression during protest policing is not new (Khawaja 1993; Muller 1985), 

measuring nonlethal repression as a continuous variable is. This insight is not measurable 

without applying recent advances in computer vision to large data sets of individual 

behavior, in this case geolocated images shared on Twitter.

Synthesizing this article’s results with others’ suggests protest dynamics work as follows. 

Preventative repression, such as arresting a group’s leaders or seizing their offices, makes it 

harder for protests to start (Danneman and Ritter 2013; Sullivan 2016; Sutton, Butcher, and 

Svensson 2014). Once started, protester violence decreases support for protest and therefore 

13.We also reran the main model but with Log(Tweets)i,t−1. The results do not change.
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its subsequent size (Wasow 2020). Repression produces differential effects depending on its 

severity: light state violence generates backlash, while severe state violence “works.”

Future research should focus on several areas. It is possible that the time during a protest 

cycle when repression occurs correlates with its severity; future work should interact state 

violence with when in a protest cycle that violence occurs. Mechanisms connecting state 

and protester violence to changes in protest size also require investigation; emotions can 

be measured from social media text and images (Steinert-Threlkeld and Joo 2020), and 

expectations can be measured with longitudinal surveys (Cantoni et al. 2019). In addition, 

global event data sets could be constructed using this methodology. An advantage of using 

images is that they are closer to a universal language than text (Graber 1996). Classifiers 

generated from images are therefore less context dependent than those from text, so they can 

be applied across settings and time periods. For more detail on the advantages of images for 

generating protest event data, see Steinert-Threlkeld (2019).

Social media make valuable contributions to understanding subnational conflict. Driscoll 

and Steinert-Threlkeld (2020) and Metzger et al. (2015) use social media as a quasi poll 

to understand mass protests in Ukraine. Steinert-Threlkeld (2017) shows that coordinating 

activity correlates with more protests when that activity comes from less influential 

members of society. Larson et al. (2019) study 130,000,000 protesters in France, finding that 

protesters are embedded in denser social networks than bystanders. Muchlinski et al. (2021) 

measure electoral violence using CNNs and tweets. Social media, moreover, often generates 

more extensive records of protest than wire reports or newspapers, the primary source for 

existing event data sets (Steinert-Threlkeld and Joo 2020; Steinhardt and Goebel 2019). 

These data are not a fad or detached from reality: they offer unprecedented insights into 

human behavior and should continue to grow in importance to political science research.

If a picture is worth 1,000 words, then it would require approximately 2 kilobytes of 

storage (Jagenstedt 2008). Images from consumer cell phones and digital cameras, however, 

require at least 3 megabytes of storage, usually more. Even images shared on social media 

platforms, which are compressed from their original size, require hundreds of kilobytes 

of space. A picture, in other words, is worth anywhere from 50,000 (100 kilobytes) to 

1,500,000 words (3 megabytes).14 A picture is actually worth a book, and there are vast 

libraries waiting to be explored.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. 
A, Sample images and the protest classifier’s rating of them. B, Protest images with their 

state violence rating. C, Protest images’ protester violence rating. Labels specify each 

image’s city and label probability. The use of hard negatives in the training set ensures 

that scenes that contain crowds (A, left), individuals walking on streets (C, left), or a 

nonprotest sign (A, second) are not included in analysis. Color version available as an online 

enhancement.
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Figure 2. 
Verifying protest size, time series: A, Barcelona; B, Seoul; C, Caracas; D, Hong Kong. 

Measuring protest size using faces in images records changes in protest size that match 

reported dynamics.
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Figure 3. 
Marginal effects of Perceived State Violencei,t−1 (A) and Perceived Protester Violencei,t−1 

(B) from model 3 of table A5. State violence exhibits an n-shaped relationship with 

subsequent protest size, while protester violence always correlates with smaller subsequent 

protests.
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Figure 4. 
No correlation exists between state violence in an image and the number of faces. A linear 

fit suggests a slight positive relationship, and restricting the relationship to images with 

fewer than 10 faces does not change results.
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Figure 5. 
State violence results remain in flexible operationalizations: A, LOESS (span = .2); B, 

spline (50 knots); C, binned marginal effects; D, LOESS on partial residuals. The n-shaped 

relationship holds in a nonparametric relationship (A, B). Generating fixed effects for state 

violence in bins of width .1 finds the same relationship (C). D, Regressing state violence on 

the partial residuals of model 3 from table A5.
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