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A Structural Account of Protest Occurrence –
Evidence from the US

Abstract

The occurrence of protests is regularly linked to a variety of structural conditions,

i.e., socio-political characteristics. These are usually quantified using proxy or mul-

tiple variables. However, these approaches complicate comparing effect sizes and

investigating interdependencies. In this paper, I address these pitfalls by objectively

quantifying four structural conditions – grievances, resources, political opportuni-

ties, and personalities – using principal component analysis on the US county level

from 2017 to 2021. The quantification allows for constructing a model with inter-

action and square terms, enabling the investigation of each structural condition’s

effect individually and in a given context. The results are threefold: (1) Resources

have the largest effect on protests, followed by personalities, political opportunities,

and grievances. (2) Context greatly influences how structural conditions impact

protests; e.g., grievances have a substantially larger effect when political opportuni-

ties exist. (3) Grievances increase the chance of violent protests, while personalities

and political opportunities foster nonviolent protests.

Keywords: Protests; Demonstrations; Structural Conditions; Protest Violence; Protest

Networks



1 Introduction

Over the last decades, we observe the ever-new emergence of new protest movements:

Black Lives Matter protests against racial discrimination, Fridays For Future demands

climate action, and the Occupy movement criticizes global injustices and inequalities1.

One strand of the literature links the occurrence of protest events to focal points and

further dynamics that emerge during a protest campaign (e.g., Carter and Carter 2020;

De Mesquita 2010). Other researchers rely on structural conditions, like the level of

grievances, to explain the occurrence of protest events (e.g., Kurer et al. 2019; Chenoweth

and Ulfelder 2017). A motivation for pursuing the latter approach is that we may expect

dynamics to occur only where the prevailing context of potential protesters motivates

them for mobilization. Thus, the presence of protest-favorable structural conditions may

be regarded as a necessary condition for protest dynamics to occur.

The paper contributes to the literature by employing a data-based conceptualization

of four structural conditions. This procedure has the advantage of being more objec-

tive than previously used conceptualizations and allows for better comparison as well as

investigation of interdependencies among all structural conditions. The paper thereby

connects to a literature debating the effects of structural conditions on protest activity.

Grievances, resources, political opportunities, and personalities are generally found to con-

tribute to protest activity, for example, by Chenoweth and Ulfelder (2017) and Dalton,

Van Sickle, and Weldon (2010). The paper relates to Dyrstad and Hillesund (2020), Kurer

et al. (2019), and Grasso and Giugni (2016) by investigating the interdependencies among

structural conditions. Furthermore, the paper’s insight about the role of structural con-

ditions is complementary to a broader literature investigating the political consequences

of protests (Passarelli and Tabellini 2017; Madestam et al. 2013), measuring network ef-

fects (Cantoni et al. 2019), or investigating (online-) coordination (Enikolopov, Makarin,

and Petrova 2020; Larson et al. 2019; Zeitzoff 2017). Especially the formalization of net-

work effects among the structural conditions and the spatial specification highlight the

importance of network effects in the context of protest coordination.
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Four structural conditions are widely discussed in the literature – these are grievances,

resources, political opportunities, and personalities (Chenoweth and Ulfelder 2017; Opp

2009). Grievance-based approaches explain the occurrence of protests with reference to

the resentment and disappointment among potential protesters. A high level of grievances

is supposed to make individuals more likely to protest. Resource-based theories regard

protest events as a function of organizational capacities among potential protesters. The

presence of social networks, financial endowments, and communications channels are

drivers of protests, according to a resource-based view. Political opportunities are another

pillar with which the occurrence of protest movements may be explained. The occurrence

of protest events is claimed to be higher in situations in which there is a higher chance

of influencing policy-making with the protest. Lastly, personalities are individual-specific

characteristics that make individuals more likely to protest. For example, individuals who

are highly educated and affluent may have a higher likelihood of engaging in protests.

In this paper, I ask three related questions regarding the structural conditions’ effect on

protest events. (1) What is the relative effect size of each structural condition? (2) Do the

effects change for differing contextual characteristics? And finally, (3) can structural con-

ditions explain why protests turn violent or remain nonviolent? To answer these questions,

I collect evidence at the US county level. This research setting has certain advantages

for the empirical identification strategy. First, during the observed time frame from 2017

to 2021, various protest movements occurred in the US, differing widely in demands and

social clientele. Also, US counties are comparable due to their common cultural back-

ground while showing substantial heterogeneities in their socio-economic characteristics

at the same time. The aggregated county level is appropriate as the occurrence of protest

events necessarily involves social groups.

The main empirical challenge is to objectively operationalize the structural conditions.

It is a priori unclear which variables should contribute to a measure of, for example,

grievances and with which weight. Lacking a measure for each structural condition makes

investigating their context-dependencies with interaction terms unfeasible. I address this

problem by employing a principal component analysis on a large set of variables commonly
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linked to increased protest activity. As a result, I obtain four principal components, which

are interpretable as measures of grievances, resources, political opportunities, and person-

alities. These objective, one-dimensional measures allow the construction of an unre-

stricted model with interaction and square terms among the structural conditions. Thus,

the relative effect size can be assessed using beta coefficients, and context dependencies

are elicited by including interaction terms. The procedure has the additional advantage

of minimizing the risk of omitted-variable bias as a large set of variables is included in

the principal component analysis while not falling prey to multicollinearity, as only the

components with the highest variance are included in the regression model.

The resulting evidence leads to three conclusions. (1) Available tangible and intangible

resources have the largest effect on protest events, followed by personalities, political

opportunities, and grievances. In light of this finding, recent developments in the literature

on focal points (Carter and Carter 2020; Truex 2019), network effects (Cantoni et al. 2019),

and protest coordination (Enikolopov, Makarin, and Petrova 2020; Larson et al. 2019)

contribute to a better understanding on how resources, as the strongest determinant of

protests found in this study, affect protests in greater depth. (2) The effects of structural

conditions are highly context-dependent – for example, the effect of grievances on protest

activity is much larger when political opportunities are present. This finding is in line with

context-dependencies that are identified between grievances and network structures by, for

example, Kurer et al. (2019) and other interdependencies of the grievances effect (Dyrstad

and Hillesund 2020; Grasso and Giugni 2016). Ultimately, (3) structural conditions like

grievances make the occurrence of violent protest more likely, while personalities and

political opportunities only increase the likelihood of nonviolent protest. Resources affect

both equally. Interpreting resources as a proxy for the organizational degree of protests,

the violence-reducing effect of organizational degree on protests as identified by Ives and

Lewis (2020) is not found.

A further contribution is to shift the focus from debating single theories to a more

inclusive theory of protests. Considerable parts of the literature deliberate which theory

of grievances, resources, or political opportunities (and sometimes personalities) provides
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the best account of protest activity. This paper takes each theoretical approach seriously

and elicits their interdependencies. The methodological setting is chosen to reconcile the

theoretical approaches as systematically as possible, aiming to foster a better universal

understanding of protests and their underlying structural causes.

The paper is organized as follows. Section 2 provides theoretical insights about struc-

tural conditions and characterizes the most prominent ones briefly. Section 3 describes the

identification of structural conditions using a principal component analysis. In Section 4

the protest measures are discussed and the empirical identification strategy is introduced.

Section 5 presents the results and their interpretation, followed by some concluding re-

marks.

2 Structural Conditions

There are four widely discussed structural conditions in the literature linked to an in-

creased number of protests: grievances, resources, personalities, and political opportu-

nities (Chenoweth and Ulfelder 2017)2. Importantly, these conditions are movement-

independent and are supposed to contribute to the formation of movements equally well

as to general organization and participation in protest events. The following section in-

troduces the theoretical mechanisms according to which these conditions affect protest

activity.

I. Grievances

Grievance-based theories trace the reason for protests back to unfulfilled preferences

about public goods (Opp 2009). Protests are conducted by social groups in order to per-

suade or pressure another entity (e.g., the government) for change (e.g., policy changes).

Since the group is incapable of providing the public good on its own, it relies on such a

third entity for good provision. Whenever the level of grievances is high within a social

group, they are claimed to be more likely to protest because (1) their opportunity costs for

protesting are lower and (2) the potential benefit from an enhanced public good provision

is larger. Such a theory was advocated early on by Gurr (1970), who argues that relative

deprivation is the paramount reason for any act of collective protest or violence.
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Numerous researchers have studied why people grieve and how increased grievances

lead to more protest activity. Ortiz et al. (2013) study a large number of protest events

across more than 80 countries and identify four main reasons for grievance-motivated

protesting: failure of political representation and political systems, global injustice, vi-

olated rights of people, and economic injustice and austerity-politics. Other scientists

find empirical evidence for these economic injustices in the form of unsatisfied preferences

for redistributive policies and enhanced protest activity (Justino and Martorano 2019; Jo

and Choi 2019). Dalton, Van Sickle, and Weldon (2010) empirically investigate grievances

and their connection to protests and find a weak positive link between both variables in a

hierarchical model. In another hierarchical model, Kurer et al. (2019) find a positive link

between the change of deprivation and increased protest behavior. Especially economic

grievances are found to cause increased protests in the Middle East (Shafiq et al. 2014).

In conclusion, especially political and economic unfulfilled preferences seem to increase

protest participation.

II. Resources

A second approach to explain protest activity builds on Olson’s (1971) logic of collective

action in highlighting the importance of overcoming free-rider problems (Opp 2009). As

mentioned above, a protest has the objective of persuading a third entity to provide

a public good. The protest event can thereby be regarded as a public good itself as

no member of a particular interest group can be excluded from being represented by the

protest, neither is there any rivalry in who potentially benefits from the protest. Following

Olson (1971), as long as individuals face private costs for providing the public good, the

dominant strategy of each individual is to free-ride, i.e., not to contribute to the provision

of the public good while benefiting from it. The question arises of how positive protest

participation is explainable even though it is individually rational not to protest.

Olson (1971, 51) relies on selective incentives as a key component for explaining positive

public good provision, which are the cornerstones of resource-based theories of protest par-

ticipation. A selective incentive is a private benefit an individual earns as a consequence

of contributing to the provision of the public good. A feeling of moral duty or network
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effects constitute such selective incentives. If an individual is embedded in a social circle

that judges it morally praiseworthy to protest and in which social gatherings may occur

at protest events, the private cost of participating may be outweighed by benefits derived

from one’s social circle. Positive participation in the provision of public goods is thus

explainable by relying on selective incentives.

Resource-based theories take Olson’s (1971) logic of collective action seriously and de-

termine tangible and intangible resources as the origin of selective incentives. Resources

are understood as all endowments that enable and facilitate overcoming the free-rider

problem. These may be social networks, communication channels, financial resources,

protest entrepreneurs, and others. All these endowments help groups to form selective

incentives on the individual level, making it more attractive for individuals to join the

protest. According to McCarthy and Zald (1977) and other advocates of resource-based

theories, these endowments are the predominant cause of protest, while grievances are

only of second order.

Many researchers have studied the impact of certain resources, as mentioned previously.

Protest entrepreneurs are well-known individuals who communicate and represent their

movement’s agenda, as does Greta Thunberg for Fridays for Future. Earl and Schussman

(2002) and Vromen (2015) study the role of protest entrepreneurs and highlight their

importance in coordinating protest events. Protest entrepreneurs usually navigate in pre-

existing social structures, which is another resource that leads to more protests, according

to Castelli Gattinara, Froio, and Pirro (2022). The authors show the importance of

pre-existing social ties in mobilizing right-wing movements. Dalton, Van Sickle, and

Weldon (2010) and Kurer et al. (2019) proxy the presence of functioning networks by

union membership share and church adherents share. They find positive effects from these

network resources to increased protest participation. The effects of such social networks

are also identified for anti-authoritarian protests in Hong Kong using an experimental

setting of incentivized students (Bursztyn et al. 2021). Recent research also investigates

the role of (online) communication networks, finding positive effects of these resources on

protests in Russia (Enikolopov, Makarin, and Petrova 2020; Larson et al. 2019). In terms
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of financial resources, Murdie and Bhasin (2011) find that the financial endowments of

NGOs are positively associated with increased protest activity.

III. Personalities

A third structural condition is the composition of individuals in a certain geographical

area, considering their individual characteristics. Examples are attitudes toward democ-

racy, political values, feelings of moral duty, and many more personality traits (from now

on referred to as personalities), which make an individual more likely to protest. Cantoni

et al. (2022) find evidence that fundamental economic preferences – risk tolerance and

pro-social preferences – increase an individual’s likelihood to protest. The mechanisms

for these variables are intuitive: risk tolerance reduces the expected costs for protest-

ing as there is a certain probability of conflict with, for example, the police. Pro-social

preferences increase the likelihood of protesting because the gratification one feels as a

consequence of protesting is presumably higher. Another study reveals a link between

political interest and protesting based on a survey in the US (Schussman and Soule 2005).

The main idea is that political interest makes individuals more likely to understand and

think critically about politicians’ performance and makes them more prone to protest.

Finally, Sabucedo et al. (2018) find that a feeling of moral duty increases the likelihood of

protest participation, probably also due to a feeling of gratification individuals feel during

and after protesting.

Due to data limitations, assessing these personality traits on an aggregated level is noto-

riously difficult. Previous work relies on proxies for assessing the influence of personalities

on protesting based on socio-economic characteristics like income, wealth, education, and

age. Income and wealth, for example, may proxy risk tolerance as individuals with higher

wealth and income face fewer financial constraints. Korotayev, Bilyuga, and Shishkina

(2018) find such wealth effect as a country’s GDP per capita seems to influence protest

behavior positively. Also, Ortiz et al. (2013) find that more affluent individuals are more

likely to express their political demands by protesting. Education may be one vehicle

that shapes individuals’ preferences for a democratically organized society as, for exam-

ple, Dalton, Van Sickle, and Weldon (2010) find. A more educated individual is predicted
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to protest more frequently than a less educated individual, ceteris paribus. A positive

link between education and protest participation was also found by Sawyer and Koro-

tayev (2022).

IV. Political opportunities

Besides grievance-, resource- and personality-based theories of social movements, polit-

ical opportunity theory is a fourth prominent approach relying on the political context for

explaining social movements. McAdam (1982) and Eisinger (1973) were among the earlier

researchers advocating a view in which political opportunities are the paramount cause

of protest behavior. Political opportunities are defined as all circumstances that make

institutional change more likely (McAdam and Tarrow 2018). Thereby, political oppor-

tunities serve as institutional access points, allowing interest groups to enter the realm of

politics and push their agenda (Kriesi 2015). McAdam and Tarrow (2018) claim that the

level of political opportunities depends on, among other attributes, (1) the multiplicity

of independent centers of power, (2) the instability of current political alignments, and

(3) the availability of supporters or allies3. For democratic countries, thin majorities and

fierce political competition may enhance these attributes, which, according to the political

opportunity theory, is predicted to increase protest activity.

Various researchers study the role of political opportunities in all kinds of contexts.

There is a rich literature on political opportunities as a determinant of right-wing move-

ments in Western countries – see, for example: Castelli Gattinara, Froio, and Pirro (2022),

Arzheimer (2018), McVeigh (2009), and Giugni et al. (2005). Castelli Gattinara, Froio,

and Pirro (2022) identify a mediating role of political opportunities toward the effect of

resources on protest. A similar finding is presented by Grasso and Giugni (2016). The

authors study political opportunities in the context of the financial crisis and identify their

direct effect on protest activity and a mediating effect via grievances. Finally, McVeigh

(2009) argues that political opportunities (as well as resources) shape the trajectory of

right-wing movements even though they claim that the timing of these movements cannot

be explained fully by political opportunity theory.

V. Interdependencies between structural conditions
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There are a number of reasons which make it plausible that at least some of the struc-

tural conditions are interdependent. For example, the effect of grievances on protesting

may be higher when individuals believe that political opportunities are high. Higher po-

litical opportunities make a policy change as a consequence of protests more likely and

may, therefore, motivate the grieving individual to join the protest (Opp 2009). Another

mechanism may be the interrelation between resources and grievances. With an increas-

ing level of mobilizing resources (e.g., protest entrepreneurs, communications channels),

individuals may recognize the opportunity to express their grievances by protesting.

Some researchers noticed a probable dependence among the structural conditions and

tried to find confirmatory empirical evidence. Early on, Goldstone (1991) argued that

protests and revolutions require economic instability, division among elites, and a high

mobilization potential simultaneously. One of these conditions alone is claimed to be

insufficient for mobilization. More recent studies find links between the structural condi-

tions more explicitly in empirical studies. Kurer et al. (2019) investigate the interaction

of resources that contribute to protest participation and grievances and find a positive

interaction between both conditions. The effect is robust to proxying grievances as rel-

ative status in society and changes in the grievance levels over time. Similarly, Grasso

and Giugni (2016) employ a hierarchical model in which individual-level grievances inter-

act with macroeconomic and political opportunity conditions, finding a reinforcing trend

among them.

VI. Violence propensity of protest events

A final question to ask is about the role that structural conditions play with respect to

the violence propensity of protests. There are some potential causal channels via which

structural conditions affect the likelihood of violent protests. For example, education

and wealth – as ingredients of personalities – may reduce the likelihood of violence at

protests as individuals may hold up peaceful democratic values, have a better cognitive

understanding of protest activity, and face higher opportunity costs of being injured or

arrested for violence (Sawyer and Korotayev 2022). Resources may decrease the likelihood

of violent protests as a higher degree of organization enhances surveillance and sanctioning

9



mechanisms. Sullivan (2019) finds such a dynamic and theorizes that protest leaders seek

to keep protests nonviolent as this maximizes the efficacy and reduces the expected costs

for (future) participants. Hence, social controls are employed in a hierarchy of protest

organizers to ensure nonviolent protesting.

3 Identifying Structural Conditions

This section introduces the study setting and the operationalization strategy for the previ-

ously defined structural conditions. This operationalization procedure follows four steps.

First, I justify the choice to conduct a principal component analysis (PCA). Next, I select

a set of variables from the literature to enter the PCA, after which I discuss the PCA’s

results. Finally, I interpret the results and give some illustrations about the structural

conditions on the US county level.

In this study, all evidence is drawn from US county-level data between 2017 and

20214. The subject of the study is the occurrence of protest events, which necessarily

involves more than one individual. Hence, county-level aggregated data are used instead

of individual-level data. An individual-level approach could elicit how structural condi-

tions contribute to understanding individual participation decisions but presuppose the

existence of protest events the individual can join. Otherwise, an individual would have

no opportunity to join a protest. Therefore, evidence from US county-level data seems

to be appropriate. Furthermore, the structural conditions are claimed to lead to protests

in general. This claim can be investigated as various movements took place in the US

during the considered time frame (e.g., BLM, Tea Party, Fridays For Future). Also, US

counties are culturally comparable while showing enough variation in socio-demographic

characteristics to be well-suited for an empirical investigation.

Principal component analysis (PCA) is an explanatory factor analysis that allows to

objectively reduce the dimensions of a large set of variables to a smaller set of variables

while preserving a maximum of the variables’ variance (James et al. 2013). Concepts

in the social sciences are often complex, and measuring or proxying them with a single

observable variable becomes unfeasible. Grievances, for example, are multi-factorial and
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depend on a number of variables. Using PCA, we can obtain a smaller number or a single

variable that operationalize complex concepts while minimizing the loss of information

(Kabacoff 2022). The obtained variables are usable for further empirical investigation.

Applications demonstrate the usefulness of PCA. For example, Dreher (2006) applies

PCA to obtain measures about different forms of globalization, and Vâlsan, Goschin, and

Druică (2023) assess the level of social capital in the US using PCA. A major advantage

of this technique is that researchers do not specify which variables contribute to which

(sub-)concept a priori while being able to include a large set of variables without running

into identification problems due to multicollinearity. Thereby, the researchers minimize

the risk of omitted variable bias while avoiding the inclusion of highly correlated variables.

The operationalization is objective and depends on the variables’ underlying covariance

structure instead of the researcher’s subjective expectation (Jolliffe and Cadima 2016).

In a PCA, principal components (PCs) are computed based on the covariance struc-

ture of the underlying variables (James et al. 2013). PCs are linear combinations of all

considered variables k. The weights of the linear combination for the first PC are cho-

sen so that the first PC’s variance is maximized. The same procedure is applied to all

subsequent PCs plus a restriction that all subsequent PCs must be orthogonal to the

previous PCs. Finally, the researcher can choose how many of the k PCs to include in

the following analysis. This decision can be theory-driven or based on the Kaiser-Harris

criterion. According to the Kaiser-Harris criterion, only PCs with an eigenvalue greater

than 1 should be included as these explain more variance than contained in one of the

underlying variables (Kabacoff 2022). The set of PCs is then available for descriptive and

inductive analysis.

Before conducting the PCA, a set of variables commonly associated with protest activity

is chosen. This variable selection is based on the literature and logical considerations. The

variables are grouped into clusters based on the literature’s judgment of which structural

condition they belong to5. Importantly, this ordering is preliminary, and its purpose is to

enhance readability. The separation of the variables into the four structural conditions is

based on the results of the PCA, which is discussed below.
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Grievances may be felt toward a number of dimensions of public life. In this study set-

ting, some of the most commonly cited reasons for grievances are considered for the PCA.

These are: inequality (De Juan and Wegner 2019; Solt 2015), poverty rate (Berazneva

and Lee 2013; Bush 2010), unemployment rate (Kurer et al. 2019; Grasso and Giugni

2016), and bad health rate (Justino and Martorano 2019).

Resources represent social ties and communication channels. Previous research most

often relies on proxies for these when data are available. On the US county level, I employ

the following list of variables: community health indicator, which expresses the extent to

which citizens engage in voluntary community activities (Quaranta 2017), number of

charitable organizations per capita (Murdie and Bhasin 2011), social media connectivity

(Enikolopov, Makarin, and Petrova 2020; Larson et al. 2019; Zeitzoff 2017), and church

adherents rate (Dalton, Van Sickle, and Weldon 2010; Brady, Verba, and Schlozman

1995).

Personalities may be studied in fine-grained micro-economic settings where, for exam-

ple, the effect of the Big Five personality traits on protest participation are assessable

(Cantoni et al. 2022). Such a detailed analysis is unfeasible in aggregated settings due to

data limitations. Therefore, I rely on socio-demographic variables that are supposed to

correlate with personality traits that affect protest activity. This approach aligns with a

rich literature examining the effect of personality traits in aggregated settings. The se-

lected variables are education (Sawyer and Korotayev 2022; Corrigan et al. 2012), income

and wealth (Vassallo 2020; Quaranta 2016), share of white collar workers (Chenoweth and

Ulfelder 2017), and share of individuals between 18-39 years (Kurer et al. 2019; Schussman

and Soule 2005).

Political opportunities are often studied in autocratic settings in which indicators like

rule of law (Dalton, Van Sickle, and Weldon 2010), tax wedge as a percentage of labor cost

(Grasso and Giugni 2016), or regime durability (Chenoweth and Ulfelder 2017). These

indicators seem inappropriate for measuring political opportunities on the US county

level. Therefore, I rely on four vote-based measures. First, voter turnout during the last

election is an indicator of how politically active individuals are. Next, the closeness of

12



Table 1: Variables, Descriptions, and Sources

Variable Description Source

Inequality Gini coefficient U.S. Census Bureau (2022)

Poverty Poverty rate U.S. Census Bureau (2022)

Unemployment Unemployment rate U.S. Census Bureau (2022)

Bad Health Bad health rate CDC*

Community Health Index containing share of (1) adults who volun-
teered, (2) discussed community affairs, or/and
(3) worked for improving the community

Congress (2018)

Charitable Org. Number of charitable organizations per capita Lecy (2023)

Social Media Number of Facebook connections/ possible num-
ber of Facebook connections (logarithmized)

Bailey et al. (2018)

Church Adherents
Rate

Share of church adherents; adherents are defined
as all members, members’ children, and an esti-
mated number of other participants.

Grammich et al. (2018)

Education Share of population with Bachelor’s degree or
higher

U.S. Census Bureau (2022)

Income Median income (logarithmized) U.S. Census Bureau (2022)

Wealth Share of population with non-wage income U.S. Census Bureau (2022)

Job Type Share of population with white collar job U.S. Census Bureau (2022)

Age Group Share of population between 18 and 39 U.S. Census Bureau (2022)

Voter Turnout Percentage voter turnout at last presidential
election

MIT*

Election Closeness Votes 2nd Cand. / Votes Winner (States) MIT*

Election Closeness Votes 2nd Cand. / Votes Winner (Counties) MIT*

Political Frac. Political fractionalization ELF score of voter
groups

MIT*

Notes: All variables are collected at the county level if not indicated otherwise. Some extrapolations
were necessary due to constraints in data availability. Social Media data are available for 2021. Data
on church adherents are available for 2020. Data on charitable organizations are available for 2015-2019.
Community health data are available for 2018. The missing years are extrapolated with the closest year
in which observations are available. While this is not ideal, some studies suggest that the data are useful
in other years, too, thanks to their persistency (Bailey et al. 2021). *CDC is an abbreviation for the
Centers for Disease Control and Prevention (2023). *MIT refers to MIT Election Data and Science Lab
(2018).

the last presidential and state elections indicates how fierce political competition is – the

idea is that a fiercer competition makes politicians more likely to concede to demands

from protest movements. And finally, the degree of voter-group fractionalization is an

indicator of political heterogeneity.
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Having specified the set of variables, the next step is to analyze the covariance structure

beneath the variables. I do this by performing a principal component analysis (PCA) with

all variables for the year 20196. Like Dreher (2006), I estimate the variable weights for one

year and apply these 2019 weights to all years to obtain PCs for the whole panel. The PC

loadings are rotated using an oblique (promax) rotation to increase their interpretability

(Jolliffe and Cadima 2016). The rotation relaxes the restriction that the PCs must be

orthogonal, which is coherent with my application as some structural conditions may be

correlated (for example, grievances are likely to correlate negatively with personalities).

Table 2 presents the PCA results, which seem to be interpretable as the four structural

conditions described in Section 3. First, all PCs satisfy the Kaiser-Harris criterion to

have a higher eigenvalue than 1 (indicated by SS loadings). Overall, the four PCs explain

67% of the total variance of all variables. Therefore, less than one-third of the variables’

variance is lost by reducing their dimensions to four. PC 1 seems to be a good proxy for

grievances, as indicated by the high loading values for inequality, poverty, unemployment,

and bad health. Quite logically, this PC exhibits high negative loading values towards

education, income, and wealth, which reduce the level of grievances. The second PC

comprises education, job type, and age, which correspond closely to the personalities.

Wealth and income do not load highly on this PC as they sort into other PCs. Political

opportunities match with PC 3 as all four measures for political opportunity load highly.

Finally, PC 4 contains high loadings of community health and charitable organizations

and a mediocre loading of social media, which aligns well with the characterization of

resources. Wealth also sorts into this PC, which is also a reasonable result as resources

include financial endowments.
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Table 2: PCA Results

Principal Components PC1 PC2 PC3 PC4
Structural Conditions Grievances Personalities Pol. Opp. Resources

Inequality 0.70 0.35 -0.04 0.33
Poverty 0.93 -0.05 0.04 0.00
Unemployment 0.76 0.12 0.18 -0.06
Bad Health 0.86 -0.04 -0.06 -0.16
Community Health -0.05 -0.42 0.02 0.81
Charitable Organizations -0.05 0.12 0.10 0.82
Social Media 0.34 -0.74 -0.17 0.37
Church Presence 0.08 -0.07 -0.36 0.18
Education -0.55 0.60 0.01 0.27
Income -0.89 0.28 -0.04 -0.08
Wealth -0.60 0.04 0.00 0.44
Job Types 0.06 0.80 0.05 0.13
Age 0.07 0.66 -0.07 -0.20
Voter Turnout -0.17 -0.22 0.72 0.27
Election Closeness (States) 0.02 -0.19 0.72 -0.12
Election Closeness (Counties) 0.19 0.33 0.74 0.04
Political Fractionalization 0.06 0.35 0.72 0.07

SS loadings 4.32 2.71 2.31 2.08
Proportion Variance 0.25 0.16 0.14 0.12
Cumulative Variance 0.25 0.41 0.55 0.67

Notes: The displayed numbers represent factor loadings of the PCA using oblique (promax) rotation.
All loadings higher than 0.4 or lower than -0.4 are highlighted in bold. All variables enter the PCA in a
standardized form. The structural conditions are indicated based on an interpretation of the respective
loadings.

After obtaining the PCs, they are standardized for interpretability as beta coefficients

and easier interpretation of interaction terms. The PCs, i.e., indicators for structural

conditions, are visualized in Figure 1. Grievances are concentrated in the south and

some areas in the north. This finding aligns with a quantification of deep disadvantage

by Shaefer, Edin, and Nelson (2020)7. The distribution of resources and personalities is

widespread throughout the country, with notable concentrations of the latter in coastal

regions. The political opportunities indicator is clustered around states and seems to be

low in the South. The correlations of the obtained indicators are presented in Table 9.

The standardized indicators are used in the next section to investigate the link between

structural conditions and protest activity empirically.
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(a) Grievances Indicator. (b) Resources Indicator.

(c) Personalities Indicator. (d) Political Opportunities Indicator.

Figure 1: Structural Conditions Indicators. Scaling goes from -2 (light gray) to 2
(dark gray). The indicators are obtained based on a PCA. The included variables are
summarized in Table 2.

´

4 Empirical Strategy

The following section presents the empirical identification strategy. After a short definition

of protests and a description of the protest event databases used, I introduce the empirical

identification strategy. This strategy relies on a number of complementary estimators to

alleviate possible endogeneity concerns.

Following Opp (2009), a protest is defined as individual actors participating in col-

lective action to influence a target towards their goals. For example, a group of college

students may come together to publicly express their discontent with a new government

regulation regarding higher education. Importantly, the students cannot achieve their

goals independently but must influence a target entity (e.g., government). Whether the

protest was organized or spontaneous, nonviolent or violent, or varies in other dimensions

is irrelevant to this definition.

The empirical strategy relies on three event databases varying in their specific char-

acteristics. Table 3 provides a short description of each database. The Armed Conflict
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Location and Event Data Project (ACLED) and the Crowd Counting Consortium data

project (CCC) are commonly used in academic research and are therefore considered to

provide reliable event data (Dorff, Adcox, and Konet 2023). The Global Database of

Events, Language, and Tone (GDELT) is less frequently used, but its usage seems to have

become more frequent in recent years. Cantoni et al. (2024), for example, rely on the

GDELT database for eliciting global trends in the realm of protest dynamics. Acemoglu,

Hassan, and Tahoun (2018) also rely on GDELT data to study the interrelation of stock

market prices and protest movements during the Arab Spring in Egypt. Saz-Carranza,

Maturana, and Quer (2020) systematically discuss the use of GDELT for academic pur-

poses.

Table 3: Protest Event Databases

Variable Description Source

GDELT GDELT is an event database analyzing online news from a variety
of sources and languages on a global scale. All events are cate-
gorized; the obtained variable is the number of violent and non-
violent protest events matched to its county location. Number of
protest events in the US: 69,316. Data availability: 2015-2021.

Leetaru and
Schrodt (2013)

CCC The CCC database is an endeavor in which a group of coders
classify protest events. The data points are obtained from auto-
mated web crawls, regular social media reviews, Google searches,
reviews of organization websites, and public submissions. Number
of protest events in the US: 99,395. Data availability: 2017-2021.

Chenoweth and
Pressman (2017)

ACLED The ACLED database covers a variety of events related to socio-
political instability. Traditionally, the database covered unstable
countries, but since 2020 the database also reports protest events
in the US. Number of protest events in the US: 48,013. Data
availability: 2020-2021.

Raleigh
et al. (2010)

I will make use of each database during the regression analysis. The baseline model

is estimated for all three databases. In order to make the presented tables digestible, I

stick with the CCC database for robustness checks and marginal effects, as this database

includes more years than ACLED, and its coding procedure is more transparent than

GDELT’s (Dorff, Adcox, and Konet 2023). For one specification, GDELT will be used

exclusively as it is the only database that distinguishes, based on media information,
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between violent and nonviolent protest events. The results are generally robust to the

protest database choice, as demonstrated in the replication data.

Equation 1 presents the model equation. The earliest year considered is 2015, and the

latest year is 2021. For CCC and ACLED, data availability restricts the analysis to 2017-

2021 and 2020-2021, respectively. All counties where more than 200 protests took place

were excluded from the analysis in order to exclude city centers and state capitals where

protests are not necessarily driven by the local population. Counties are denoted by i, the

states by j, and the periods by t. P denotes a protest variable varying by specification,

I denotes the indicators of the four structural conditions, X is a matrix containing all

2-way indicator interaction terms, Z is a matrix containing all quadratic terms of the

indicators. C denotes a matrix containing the logarithmized county population size and

a dummy variable for police shootings.

Pi,t = α+ β Ii,t + γ Xi,t + η Zi,t+

κ Ci,t + δj + δt + ϵi,t

(1)

I refrain from using county fixed effects as the between county variation is of particular

interest in this study. To overcome potential endogeneity problems caused by unobserved

heterogeneity, I include state- (δj) and time-fixed (δt) effects and run a robustness test

for the cross-section of 2019. No further controls are included as the structural conditions

are supposed to control for these already. The indicators of the structural components

include some uncertainties due to the construction procedure and should no longer be

taken as predetermined. Therefore, county-cluster robust standard errors are calculated

using a bootstrap.

The model is estimated using a number of complementary estimation techniques. The

baseline estimator is presented for all three event databases; the further specifications are

only presented for the CCC database. (1) The baseline estimator regresses the inverse

hyperbolic sine value8 of the number of protest events on all covariates from Equation 1

using OLS. The transformation has certain advantages for skewed data and is applicable to

values between 0 and 1. In the second (2) specification, the number of protest participants

(after inverse hyperbolic transformation) is regressed on all covariates using OLS. It shall
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be noted that the number of protest participants does not seem to be perfectly reliable, as

low and high estimates vary substantially. In addition, more than half of the protest events

are not considered due to missing information about the participation number. Using a

probit model, the third (3) estimator indicates the effect of structural conditions on the

extensive margin through a maximum likelihood estimation. Therefore, the dependent

variable is transformed to a binary variable, which equals one if there has been at least

one protest event in county i at time t and otherwise 0. Estimator (4) provides us

with the effects on the intensive margin using OLS. The log-logarithmized number of

events is regressed on all indicators for all county-time combinations in which at least one

protest took place. Estimator (5) estimates the cross-section for 2019 and is supposed to

show robustness by relaxing assumptions about serial correlation among dependent and

independent variables. This specification is estimated using OLS, and the protest count

variable is transformed according to the inverse hyperbolic sine function.

Using 5 different estimation techniques alleviates possible concerns due to the esti-

mator’s specification. The first specification provides the results about the structural

conditions we are interested in – i.e., their relative effect size. The second specification

accounts for the number of protesters in these protests. Thereby, the structural condi-

tions’ effect on general participation in protests is estimated, which should be interesting

as protest events vary substantially in their participation number. Specifications (3) and

(4) differentiate explicitly between the extensive and intensive margin. In the baseline

specification, both effects are pooled, which in combination with a transformed depen-

dent variable may potentially be misleading as discussed by, for example, Chen and Roth

(2024). Robustness to specifications (3) and (4) should alleviate such concerns. Finally,

specification (5) is a cross-sectional regression for 2019, for which the strict exogeneity

assumption is relaxed to a contemporaneous exogeneity assumption.

5 Results and Discussion

The results highlight the importance of structural conditions in explaining protest activity.

The section presents its evidence as structured by the research questions: investigation of
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the relative effect size of the structural conditions, assessment of context-dependencies,

and a distinction between violent and nonviolent protests. Furthermore, there are two

robustness checks. The first one assesses robustness toward single protest movements,

and the latter allows for spatial spillovers across the US geography.

5.1 Assessing Effects of Structural Conditions

I. Baseline Regression and Robustness

The first set of results has the objective to answer the first research question: What is

the relative size of the structural conditions’ effect on protest activity? Table 4 presents

these baseline results and some further specifiations. The results are stated as marginal

effects, which make the probit Estimator (3) interpretable as effects at the mean level

of the covariates. The estimated coefficients of all structural conditions are comparable

thanks to previous standardization. The full regression output of Estimator (1) is pre-

sented in the Appendix in Table 11, including a specification for each database. Across all

databases, resources have the largest effect, amounting to approximately 2.4-3.2% more

protest events given a 0.1 unit increase in resources (equivalent to 10% of the standard

deviation). Estimators (2) to (5) provide further confidence and details regarding the

results. Estimator (2) allows us to interpret the effect of the four structural conditions on

the number of participants. A 0.1 unit increase in resources or personalities is predicted

to increase the participation number by 7.7% and 3.8%, respectively. Estimator (3) is

a probit specification indicating that after an increase of 0.1 in grievances and political

opportunities while holding all variables at the mean level, the occurrence of at least one

protest becomes 0.3% or 0.4% more likely, respectively. The intensive margin (Estimator

4) and the cross-sectional specification (Estimator 5) are reasonably in line with Estima-

tors (1) to (3). Especially the cross-sectional specification (5) should alleviate possible

concerns about endogeneity due to serial correlations as its results are closely in line with

the other specifications9.
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Table 4: Baseline and Robustness Output

(1) (2) (3) (4) (5)
Baseline Participation Extensive M. Intensive M. Cross-Section

Grievances 0.103∗∗∗ 0.177∗∗∗ 0.031∗∗∗ 0.153∗∗∗ 0.084∗∗∗
(0.015) (0.036) (0.005) (0.024) (0.016)

Political Opp. 0.038 0.243∗∗∗ 0.037∗∗∗ -0.045 0.091∗∗∗
(0.024) (0.044) (0.009) (0.038) (0.015)

Personalities 0.149∗∗∗ 0.384∗∗∗ 0.072∗∗∗ 0.047 0.108∗∗∗
(0.031) (0.066) (0.010) (0.034) (0.026)

Resources 0.316∗∗∗ 0.766∗∗∗ 0.086∗∗∗ 0.437∗∗∗ 0.380∗∗∗
(0.025) (0.056) (0.008) (0.031) (0.022)

Specification
Controls Yes Yes Yes Yes Yes
Int. & Squ. Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes No
State FE Yes Yes Yes Yes No

Fit Statistic
Observations 15,515 15,515 15,347 6,470 3,112
(Pseudo-)R2 0.752 0.663 0.500 0.718 0.699
Adjusted R2 0.751 0.662 – 0.715 0.697

County cluster bootstrapped standard errors in parentheses.
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Notes: Marginal Effects of all structural condition indicators holding all covariates at the mean level using
the CCC database. All specifications include all listed covariates from Equation 1, except the fixed effects
for cross-sectional specification (5). Alternative empirical specifications: (1) Baseline, (2) Participation
Number, (3) Extensive Margin, (4) Intensive Margin, and (5) Cross-Section for 2019. Reduced sample size
for (3) due to perfect collinearity of state fixed effects for Connecticut, Delaware, Hawaii, Massachusetts,
and Rhode Island.

As a first conclusion, we note that all structural conditions are positively linked to in-

creased protest activity. Furthermore, we may order the structural conditions according to

their effect size: resources, personalities, political opportunities, and grievances – whereby

no clear order emerges between political opportunities and grievances. The sizable effect

of resources may indicate the importance of the free-rider problem in protests as a form of

collective action. Resources (with their underlying variables: community health, number

of charitable organizations per capita, and wealth) facilitate solving free-rider problems

by, for example, positive or negative social sanctioning across networks. The wealth com-

ponent may increase visibility via funded social media communication channels. The large

effect of personalities may reveal the same insight as another frequently discussed selective

incentive is a feeling of moral duty – personalities may affect protests via such a channel.
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Grievances and political opportunities affect protest activity to a smaller degree than the

other two indicators.

II. Marginal Effects

An assessment of the marginal effects of each structural conditions’ effect on protests al-

lows for answering the second research question: Are there substantial context-dependencies

of these effects? A major advantage of reducing the dimensions of the four structural con-

ditions is the feasibility of constructing an unrestricted model that allows for all possible

interactions among the structural conditions. This allows us to assess the marginal effects

of all structural conditions given various levels of other indicators. Figure 2 presents the

marginal effects varying a single indicator.

There are some substantial non-linearities among the effects of structural conditions. A

higher level of grievances, for example, increases the political opportunities effect (hold-

ing all other indicators at their respective mean). This seems to indicate that political

opportunities only become relevant for protests once a certain threshold of grievances is

reached. In terms of changing the level of resources, the effect of personalities increases,

which may indicate that individuals with the given characteristics (education, white-collar

job, middle-age) are more easily mobilized by network structures. The grievances effect,

however, falls with rising levels of resources. A possible explanation may be that resources

alleviate the problems disadvantaged citizens face via informal institutions (such as fam-

ily ties or charities) as found by, for example, Zhuang, Wang, and Li (2023). Volunteers,

the number of charitable organizations, and network ties within a county seem likely to

improve the conditions under which most grieving citizens live. Finally, personalities and

political opportunities seem to reinforce each other strongly. For low levels of each vari-

able, the other shows a negative impact, while this effect becomes strongly positive for

higher levels. Perhaps those individuals captured with high levels of personalities (i.e.,

young, educated, white-collar workers) respond more sensitively to changes in political

opportunities – their protest may be less driven by frustration but more by the active will

to have an impact in the political process.
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Figure 2: Marginal Effects Baseline Regression. Exploring the effects from the
baseline regression at different levels of each indicator. The respective sign indicates the
coefficient size and its 95% confidence interval by their respective bars.

As a second conclusion, we note that the effects of structural conditions crucially depend

on a given context. This insight is strikingly visible for the effect of personalities and

political opportunities, which have a negative impact on low levels of the other and a

positive impact on high levels of the other – as visible in Figure 2. Further research

should, therefore, pay attention to the circumstances under which, for example, the effect

of grievances is empirically assessed.

III. Violent versus Nonviolent Protests

The last matter to elicit is whether structural conditions explain when a protest turns

violent and when it remains nonviolent. Within the GDELT database, the protest events

are categorized as violent or nonviolent based on the language-processing model. The

count variables for violent and nonviolent protest in each county are highly correlated

(correlation of 0.88). Therefore, both variables proxy the other to a large extent, and

identification in the baseline specification becomes unfeasible. To overcome this problem,
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I use the extensive margin and estimate two probit models using a binary dependent

variable, which indicates whether at least one (1) nonviolent protest or (2) violent protest

occurred in a given county in a given year. The results provide information about the effect

of the four structural conditions on the likelihood of violent and nonviolent protests. The

correlation among both binary dependent variables is only 0.26, allowing us to distinguish

between violent and nonviolent protest without proxying the other. Table 5 displays the

marginal effects at mean of a probit model regressing a binary variable of violent or

nonviolent protests on all covariates from Equation 1.

An interesting asymmetry emerges in the effects of grievances, political opportunities,

and personalities. While political opportunities and personalities positively affect the

likelihood of nonviolent protest, their effect on violent protest is insignificant. The oppo-

site is true for grievances. Grievances seem to positively affect the likelihood of violent

protests, while their effect on nonviolent protests is insignificant. Violence, thus, seems

to emerge in counties in which large parts of the population are grieving and, therefore,

possibly rely on violent protest in order to release their anger. Nonviolent protests seem to

be a function of political opportunities and personalities (and resources). These protests

are possibly less an expression of anger and more a demand for politicians to hear the

protesters’ concerns.

The results connect to the literature on violent versus nonviolent protest forms. Gustafson

(2020) argue that protest violence is caused by increased food prices and unemployment,

probably driven by the grievances effect we find in Table 5. The effect of education

is widely discussed in the literature. Ustyuzhanin, Sawyer, and Korotayev (2023) and

Sawyer and Korotayev (2022) link education and share of students to reduced violence

in protests. The latter argue that virtues like tolerance, higher levels of human capital,

and social mobility reduce students’ will to engage in violence. In contrast, Feinberg and

Salehyan (2023) argue that students are more likely to engage in violent protest activity

than other protest participants. The results of this study speak in favor of Ustyuzhanin,

Sawyer, and Korotayev (2023) and Sawyer and Korotayev (2022) in finding a positive

effect of personalities on nonviolent protest but none on violent protests. Some caution is
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Table 5: Propensity toward Violence

(1) (2)
Nonviolent Violent

Grievances 0.005 0.015∗∗∗
(0.005) (0.003)

Political Opp. 0.032∗∗∗ -0.007
(0.010) (0.006)

Personalities 0.022∗∗ 0.000
(0.007) (0.006)

Resources 0.051∗∗∗ 0.032∗∗∗
(0.010) (0.006)

Specification
Controls Yes Yes
Interactions & Squares Yes Yes
Year FE Yes Yes
State FE Yes Yes

Observations 20,756 20,770

County cluster robust standard errors in parentheses.
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Notes: Marginal effects of the extensive margin on nonviolent and violent protest. The marginal effects
are estimated from a probit model regressing a binary dependent variable for nonviolent or violent protest
on the four indicators, their interactions, log population, state fixed effects, and year fixed effects. The
regressions are based on GDELT data as this database distinguishes between violent and nonviolent
protests. The difference in the number of observations is due to perfect collinearity for the state-fixed
effects of Connecticut in specification (1).

needed for this comparison as the personalities include further dimensions besides educa-

tion. Finally, the level of resources and violence at protests is another frequently discussed

topic. The resources in a given county may inform us of how well-organized protests are

and how well self-surveillance mechanisms work. Resources, however, positively affect the

number of nonviolent and violent protests. Such findings are also reported by Murdie

and Bhasin (2011). Ives and Lewis (2020) find contradictory evidence by noting that

unorganized protests are more likely to turn out violent.

A last conclusion states that structural conditions provide some information about the

likelihood of violent versus nonviolent protest. Resources affect both forms of protests

equally. However, only considering counties with high levels of political opportunities and

personalities, we may expect protests to turn out nonviolent there. For high levels of

grievances, we consider it more probable that violent protests occur. These results are in

line with a common intuition about some protest movements – for example, some BLM
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protests were violent, and a commonly cited cause for this violence was the absence of

other channels of political participation in combination with a high level of anger.

5.2 Robustness

The following section tests robustness for the identified effects of structural conditions

on protest activity. A first robustness check concerns the role of structural conditions in

different protest movements. A second robustness check allows for spatial spillovers in

the dependent and independent variables.

I. Robustness Movement Heterogeneity

Table 6 presents the baseline regression results for the most common protest motivations

in the US from 2017 to 202110. The categorization of the protests in movements is based

on information in the CCC database regarding the protests’ demands. Keywords for pro

Black Lives Matter (BLM) protests were "against racism", "against police brutality",

"against white supremacy", and more equally unambiguous expressions. Such a keyword

identification was conducted for all listed movements from Table 6. The most frequently

occurring keywords are listed in the Appendix. A complete list of all employed keywords

is available upon request. After categorizing the protest events into movement categories

and matching them to each US county, the whole sample is collapsed, and we treat

the movement-specific protest number as our new dependent variable. The dependent

variables are, again, transformed using the inverse hyperbolic sine transformation for the

same reasons as stated in Section 4.

The results demonstrate robustness, especially with regard to the effect of grievances

and resources. Both structural conditions have a sizable positive effect on the number of

protest events in a given county across all protest movements. Political opportunities and

personalities seem less robust to distinguishing between the protest motivation. While

personalities positively affect pro-BLM protests, their effect turns negative for some other

protest movements. Likewise, political opportunities have a negative effect on the protest

number of pro-BLM, pro-climate action, and pro-labor movements.
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Not all structural conditions are thus neutral to the protest movements they cause.

Whereas grievances and resources seem to positively affect all movements, political op-

portunities, and personalities generally increase the number of protest events (as shown

in Table 4), but not for all movement motivations.

Table 6: Movement Heterogeneity

(1) (2) (3) (4) (5) (6) (7)
pro BLM against

BLM
pro

Liberals
pro Con-
servatives

pro Cli-
mate A.

pro
Labor

against
Covid M.

Grievances 0.060∗∗∗ 0.007∗∗ 0.080∗∗∗ 0.025∗∗∗ 0.029∗∗∗ 0.018∗∗∗ 0.023∗∗
(0.008) (0.002) (0.011) (0.006) (0.005) (0.003) (0.008)

Political Opp. -0.058∗∗∗ -0.006 0.008 0.007 -0.030∗∗∗ -0.021∗∗ 0.002
(0.015) (0.004) (0.019) (0.013) (0.007) (0.007) (0.010)

Personalities 0.035∗∗ -0.011∗∗ -0.001 -0.037∗∗∗ 0.004 -0.004 -0.040∗∗∗
(0.013) (0.004) (0.019) (0.011) (0.008) (0.005) (0.010)

Resources 0.114∗∗∗ 0.016∗∗∗ 0.202∗∗∗ 0.093∗∗∗ 0.054∗∗∗ 0.017∗∗∗ 0.057∗∗∗
(0.010) (0.003) (0.016) (0.008) (0.007) (0.004) (0.009)

Specification
Controls Yes Yes Yes Yes Yes Yes Yes
Int. & Squ. Yes Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes
State FE Yes Yes Yes Yes Yes Yes Yes

Fit Statistic
Observations 15,515 15,515 15,515 15,515 15,515 15,515 6,191

County cluster bootstrapped standard errors in parentheses.
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Notes: Testing for heterogeneities toward the motive of different protests. All marginal effects are based
on the baseline OLS regression from Equation 1, except that only protests with a given motivation are
included. The protests are categorized according to the description in the text of the CCC database. For
specification (7), only the years 2020 and 2021 are considered.

II. Robustness Spatial Spillovers

A final robustness check is a spatial regression presented in Table 7. In this regression,

the model allows for spatial spillovers among counties. For example, increased protest

behavior in county i may make grieving individuals in neighboring county j more likely

to organize a protest event in their county. Also, the level of grievance in county i may

affect the propensity to protest for individuals in county j. These spillovers can be included

in a regression analysis via a spatial model.

Before running a spatial regression, I test for the necessity of accounting for regionally

correlated error terms. The Moran I test is suitable for testing these regional correlations
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(Kelejian and Prucha 2001). The Moran I test analyzes whether the residuals from a pre-

vious regression correlate according to a distance measure. I test for regional correlation

given a matrix of county contiguity and inverse distance between counties. The Moran I

test p-value is smaller than 0.001 for both distance measures. Therefore, I reject the null

hypothesis that the error terms are independent and identically distributed, and I define

the model by specifying a spatially correlated error term.

I allow for spillovers from the independent and dependent variables in the model by

controlling for a spatial lag of the dependent variable and the independent variables. The

independent and dependent variables from other counties are weighted by two weighting

matrices: one in which the weights correspond to the inverse distance between the counties

and one in which the weight is 1 if the two counties are contiguous and 0 otherwise. Also,

I allow the error term to be correlated regionally. The model is estimated based on

a higher-order generalized spatial two-stage least squares estimator from Badinger and

Egger (2011). The two stages are necessary due to the simultaneity among the dependent

variables. The X values of each county are taken as instruments for the spatially-lagged

dependent variable.

Pi = α+ γ X’i + µ Winvdist X’−i + ν Winvdist P−i+

η Wcont X’−i + κ Wcont P−i + (I − ρWcont)
−1ϵi

(2)

Equation 2 states the model to be estimated. Pi is the transformed (inverse hyperbolic

sine) number of protest events in county i. Xi is a matrix including the following covariates

for county i : four indicators of the structural conditions, six interaction terms of the

indicators, four quadratic terms of the indicators, and log population size. W is the

weighting matrix for spatial spillovers and is included in two versions: as a measure of

contiguity between counties and as the inverse distance between counties. All weighting

matrices are row-sum normalized. These weighting matrices weight spillovers from X−i,

which are the covariates from all counties but county i, and P−i, which is the dependent

variable from all counties but county i. Finally, ϵi is a spatially correlated error term given

a weighting matrix for county contiguity. The results remain qualitatively unchanged for

error correlation across the inverse distance between counties.

28



Table 7: Spatial Regression

(1) (2) (3) (4) (5)
2017 2018 2019 2020 2021

Grievances 0.175∗∗∗ 0.032 0.144∗∗∗ 0.093∗∗∗ 0.146∗∗∗
(0.025) (0.023) (0.025) (0.025) (0.027)

Political Opp. 0.016 0.077∗∗ 0.009 0.069∗ 0.019
(0.033) (0.029) (0.030) (0.031) (0.034)

Personalities 0.096∗∗ 0.219∗∗∗ 0.162∗∗∗ 0.201∗∗∗ 0.169∗∗∗
(0.031) (0.031) (0.030) (0.034) (0.041)

Resources 0.295∗∗∗ 0.292∗∗∗ 0.272∗∗∗ 0.314∗∗∗ 0.310∗∗∗
(0.026) (0.027) (0.026) (0.030) (0.033)

Inverse Distance
P−i 2.123∗∗∗ 2.724∗∗∗ 0.987∗∗ 3.036∗∗∗ 3.226∗∗∗

(0.550) (0.478) (0.486) (0.480) (0.553)

Contiguity
P−i 0.680∗∗∗ 0.557∗∗∗ 0.845∗∗∗ 0.553∗∗∗ 0.504∗∗∗

(0.071) (0.060) (0.066) (0.060) (0.071)

Specification
Controls Yes Yes Yes Yes Yes
Int. & Squ. Yes Yes Yes Yes Yes
Inverse Dist. X−i Yes Yes Yes Yes Yes
Contiguity X−i Yes Yes Yes Yes Yes

Fit Statistic
Observations 3,113 3,112 3,114 3,312 3,113
Pseudo-R2 0.554 0.423 0.312 0.727 0.590

Heteroscedasticity robust autoregressive errors in parentheses.
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Notes: Allowing spatial spillovers of the dependent and independent variables and a spatially correlated
error term according to Equation 2. All counties with more than 200 protest events are again included
to allow for their spillovers to other counties.

The results demonstrate the robustness of the previous findings and allow an assessment

of spillover effects in the context of protests. First, the order and significance of the struc-

tural conditions remain mostly unchanged. Resources still have the largest effects, followed

by personalities and, finally, grievances and political opportunities. This finding further

confirms the importance of the four structural conditions’ effects on protests. Further-

more, the results demonstrate the importance of spillover effects across counties. These

effects are identified for spillovers of direct neighbors (contiguity) and across geographical

regions (inverse distance). These results indicate that besides structural conditions, the

number of protests in the rest of the country also matters in explaining the occurrences

of protest events. This is not surprising, as protest movements increasingly rely on social
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media and other online communication channels, facilitating the spread of information

and organizing protests across county borders. Similar findings about spillovers via infor-

mation channels are found by Crabtree, Darmofal, and Kern (2015) for protests in former

East Germany.

6 Conclusion

In this paper, I elicit the role that structural conditions play in the realm of protest ac-

tivity. There are three main findings: (1) resources have the largest effect on protests,

followed by personalities, political opportunities, and grievances. (2) The effects of struc-

tural conditions are context-dependent. The effect of grievances on protest activity, for

example, is much higher when there are political opportunities. (3) Structural conditions

contribute to the question of whether protests are violent or nonviolent – where grievances

make violent protest more likely while personalities and political opportunities make non-

violent protest more likely. Resources affect both protest forms equally. The results are

robust to allowing for spatial spillovers and the effects of grievances and resources remain

unchanged for a selection of protest movements.

The paper contributes to the discussion of the role of structural conditions in explaining

protest activity. Especially the role of resources stands out. Resources consistently show

the largest effect. This may indicate how central overcoming the free-rider problem is for

organizing protests and how resources in the form of social ties, financial endowments,

and voluntary organizations contribute to enhanced protest behavior. In this context, the

results closely align with Olson’s (1971) logic of collective action, which highlights the

importance of individual-level incentives for overcoming free-rider problems of collective

behavior. This insight is also in line with the spatial spillovers found in the last robust-

ness test. Surrounding protests may serve as a signaling device that makes people aware

of the proportion of individuals who feel motivated to protest. Such informal commu-

nication channels seem to be important for overcoming the free-rider problem in protest

participation, too.
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A general conclusion to be drawn from the presented evidence is the insight that struc-

tural conditions matter for protest behavior – and that they matter a lot. This insight

is based on the fact that throughout all empirical specifications, all structural conditions

are most of the time statistically significant and often on the 0.1 % level. Furthermore, all

structural conditions show economically significant effects throughout the various speci-

fications. Therefore, I argue that a theory about general protest events should rely on

structural conditions. Having said that, I do not mean to claim that structural condi-

tions provide an exhaustive explanation of the timing and coordination of specific protest

movements. For these kinds of explanations, the cited research papers about focal points,

online communication, and other coordination processes may be better suited. Hence, the

chosen approach in this paper provides a complementary approach to this literature.

The presented evidence elicits the effects of each structural condition on protest activ-

ity. Future research may follow a similar approach while relying on exogenous shocks to

identify causal effects. In such studies, it seems worthwhile taking the interdependencies

among the structural conditions seriously. Furthermore, the spatial dimension of protests

seems to be a fruitful area of research. I identify spillover effects in the dependent and

independent variables in all time periods. These results highlight how interdependent US

counties are and that protests are highly contagious across different geographical areas.
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Notes

1See for more details on the movements’ objectives: https://blacklivesmatter.com/; https://fridaysforfuture.

org/; and http://occupywallst.org/.

2In Chenoweth and Ulfelder (2017), the four theories are denoted by: grievance-based approaches, re-

source mobilization theory, modernization theory, and political opportunity approaches. I adjusted these

semantics and replaced modernization theory with personalities, as modernization theory is discussed

most frequently at the country level. The term personalities may give the reader a more precise intuition

of what is meant on the US county level.

3Political opportunities depend on these conditions as parties are required to accept compromises if

they are, for example, only one center of power among many others. Thus, the higher the competition

within the political market, the more parties need to respond to popular demands to achieve a competitive

edge against their competitors.

4More data are available for the specification for violent and nonviolent protests in which data from

2015 to 2021 is used. This is indicated below.

5Researchers often explicitly state which structural condition a variable belongs to (e.g., Castelli

Gattinara, Froio, and Pirro 2022). In other cases, researchers implicitly refer to structural conditions as

causal channels (e.g., Kurer et al. 2019). For example, inequality may contribute to grievances, which

then leads to more protest as opposed to inequality affecting protests via the grievances channel. Besides

semantics, both approaches boil down to the same explanatory model and are treated likewise in the

following.

6This year is chosen to avoid any possible distortions due to the COVID-19 pandemic.

7Also using PCA, the authors build a US map that indicates areas where individuals are disadvantaged

with respect to a number of material and immaterial goods. The map visualization is available under:

https://poverty.umich.edu/projects/understanding-communities-of-deep-disadvantage/.

8The following is the inverse hyperbolic sine function: arsinh x = ln(x+
√
x2 + 1).

9The cross-sectional results are robust to all considered years except the grievances effect for the single

year of 2018.

10Except protest against Covid-19 measures for which the sample was reduced to 2020 and 2021 because

the first anti-Covid measures were put in place in 2020.
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Appendix

Table 8: Summary Statistics

Obs. Mean Median SD Min Max
GDELT count 22,542 43.77 2 394.0 0 18876
GDELT binary 22,542 0.629 1 0.483 0 1
CCC count 16,102 6.170 0 32.48 0 1399
CCC binary 16,102 0.409 0 0.492 0 1
ACLED count 6,442 5.547 0 21.97 0 602
ACLED binary 6,442 0.433 0 0.496 0 1
Inequality 22,541 0.446 0.443 0.0379 0.0824 0.73
Poverty rate 22,541 0.120 0.104 0.0763 0 0.64
Unemployment 22,541 0.0639 0.0572 0.0373 0 0.41
Bad health rate 21,571 0.178 0.170 0.0512 0.0440 0.51
Community health 21,971 -0.000278 -0.226 0.999 -1.666 7.07
Char. organizations 22,538 0.00122 0.00106 0.000916 0 0.015
Network 22,531 47,428,349 24,397,701 71,974,596 68664 1,000,000,000
Church adherents rate 21,991 0.496 0.476 0.191 0 4.52
Education 22,542 0.575 0.574 0.0966 0.107 0.94
Median income 22,531 26,499.5 26,027 6,418.7 7,102 78,710
Wealth 22,541 0.199 0.196 0.0797 0 0.83
Job type 22,541 0.603 0.601 0.0816 0.154 0.99
Age group 22,542 0.252 0.247 0.0459 0.0395 0.63
Voter turnout 21,996 0.624 0.623 0.0658 0.432 0.79
Election closeness (states) 21,802 0.734 0.718 0.167 0.0556 1.00
Election closeness (counties) 21,802 0.472 0.429 0.237 0.0321 1.00
Political Frac. 21,802 0.440 0.460 0.0900 0.0739 0.65

Notes: The table presents the summary statistics before standardization. The network data is scaled so
that the maximum value is 1,000,000,000 and the minimum value is 1 (across and within counties; here,
only the within-county measure is used).

Table 9: Correlation of Indicators
Grievances Resources Personalities Political Opp.

Grievance 1 -0.29 0.03 -0.23
Resources 1 0.01 -0.03
Personalities 1 0.20
Political Opp. 1

Notes: The table presents the correlations between the indicators for the four structural conditions.
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Table 10: Exploratory OLS Regression

(1) (2) (3)
CCC GDELT ACLED

Log Population 0.569∗∗∗ 0.705∗∗∗ 0.654∗∗∗
(0.035) (0.051) (0.042)

Shooting 0.155∗∗∗ 0.121∗∗∗ 0.182∗∗∗
(0.020) (0.027) (0.028)

Inequality 0.125∗∗∗ 0.097∗∗∗ 0.092∗∗∗
(0.013) (0.019) (0.014)

Poverty Rate 0.015 0.011 -0.013
(0.026) (0.038) (0.034)

Unemployment -0.052∗∗ -0.024 -0.044∗
(0.017) (0.023) (0.020)

Bad Health Rate 0.100∗∗∗ 0.039 0.157∗∗∗
(0.026) (0.026) (0.034)

Community Health 0.331∗∗∗ 0.440∗∗∗ 0.355∗∗∗
(0.033) (0.056) (0.038)

Charitable Organizations 0.059∗∗ -0.015 0.019
(0.019) (0.030) (0.022)

Social Media -0.156∗∗ -0.211∗∗ -0.116
(0.054) (0.081) (0.067)

Church Adherents 0.026∗ -0.033 0.045∗∗∗
(0.012) (0.024) (0.013)

Education 0.137∗∗∗ 0.072 0.152∗∗∗
(0.024) (0.040) (0.027)

Income 0.021 0.024 0.015
(0.030) (0.042) (0.033)

Wealth 0.068∗∗ -0.048 0.062∗∗
(0.022) (0.030) (0.024)

Job Type 0.067∗∗∗ 0.107∗∗∗ 0.064∗∗∗
(0.016) (0.026) (0.019)

Age Group 0.147∗∗∗ 0.071∗∗ 0.139∗∗∗
(0.015) (0.023) (0.017)

Voter Turnout 0.070∗ -0.018 0.000
(0.031) (0.032) (.)

Election Closeness (States) -0.149∗∗∗ 0.028 0.000
(0.031) (0.026) (.)

Election Closeness (Counties) 0.235∗∗∗ 0.125∗∗∗ 0.263∗∗∗
(0.026) (0.037) (0.031)

Political Fractionalization -0.226∗∗∗ -0.130∗∗∗ -0.288∗∗∗
(0.025) (0.038) (0.031)

Fixed-effects
Year Yes Yes Yes
State Yes Yes Yes

Fit statistics
Observations 15564 21393 6225
R2 0.735 0.553 0.748
Adjusted R2 0.734 0.552 0.745

County cluster robust standard errors in parentheses.
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Notes: OLS results for the panel using the inverse-hyperbolic transformed number of protest events as a
dependent variable for all three databases: CCC, GDELT, and ACLED. All covariates are standardized.
Some are logarithmized as indicated in Table 1. There are no results for voter turnout and election
closeness on the state level for specification (3) due to no variation in the variables over the 2 considered
years.
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Table 11: Baseline Regression Output

(1) (2) (3)
CCC GDELT ACLED

Log Population 0.617∗∗∗ 0.697∗∗∗ 0.669∗∗∗
(0.021) (0.018) (0.024)

Shooting 0.125∗∗∗ 0.072∗∗ 0.144∗∗∗
(0.020) (0.023) (0.026)

Grievances 0.103∗∗∗ 0.070∗∗∗ 0.106∗∗∗
(0.015) (0.017) (0.018)

Political Opp. 0.038 0.095∗∗∗ -0.001
(0.024) (0.023) (0.025)

Personalities 0.149∗∗∗ 0.104∗∗∗ 0.137∗∗∗
(0.031) (0.026) (0.034)

Resources 0.316∗∗∗ 0.244∗∗∗ 0.293∗∗∗
(0.025) (0.023) (0.031)

Grievances × Grievances -0.021∗∗ -0.011 -0.035∗∗∗
(0.007) (0.009) (0.009)

Political Opp. × Political Opp. 0.036∗ 0.031∗ 0.048∗∗
(0.017) (0.012) (0.017)

Personalities × Personalities 0.170∗∗∗ 0.123∗∗∗ 0.194∗∗∗
(0.012) (0.015) (0.011)

Resources × Resources -0.024∗∗∗ -0.018∗ -0.026∗∗
(0.007) (0.009) (0.010)

Grievances × Political Opp. 0.035∗ 0.023 0.042∗
(0.014) (0.015) (0.018)

Grievances × Personalities -0.004 0.030 0.011
(0.017) (0.016) (0.014)

Political Opp. × Personalities 0.134∗∗∗ 0.059∗∗∗ 0.094∗∗∗
(0.015) (0.015) (0.020)

Grievances × Resources -0.039∗∗ -0.022 -0.018
(0.015) (0.018) (0.020)

Political Opp. × Resources -0.007 -0.010 -0.011
(0.012) (0.013) (0.016)

Personalities × Resources 0.034∗∗ -0.025 -0.001
(0.013) (0.016) (0.017)

Fixed-effects
Year Yes Yes Yes
State Yes Yes Yes

Fit statistics
Observations 15,515 20,770 6,214
R2 0.752 0.586 0.766
Adjusted R2 0.751 0.585 0.763

County cluster bootstrapped standard errors in parentheses.
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Notes: OLS results for the panel using the inverse-hyperbolic transformed number of protest events for
all three databases: GDELT (2015-2021), CCC (2017-2021), and ACLED (2020-2021).
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Selected Keywords for Classification of Movement Heterogeneity

The following is an incomplete list of keywords used for distinguishing between different

protest motivations in Section 5. The complete list of keywords is available upon request.

All protest claims that appear at least 100 times in the database are considered – multiple

claims are listed for each protest event, and all of them are considered for classification.

Pro BLM: "against racism", "against police brutality", "against white supremacy"

Against BLM: "for white supremacy", "in support of police", "against Black Lives Mat-

ter protesters" Pro Liberals: "pro-impeachment", "against President Trump", "against

overturning Roe v. Wade" Pro Conservatives: "for patriotism", "for Christian values",

"for freedom", "for President Trump" Pro Climate Action: "for climate action", "for

urgent action on climate change", "for climate justice and equity" Pro Labor: "against

unfair labor practices", "for higher pay and better health benefits for United Metro En-

ergy workers", "against unfair labor practices at Warrior Met Coal" Against Covid-19

Measures: "against coronavirus mask and vaccination mandates", "against coronavirus

mask mandate in schools", "against COVID mandates"
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