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Abstract

Protest is a low-intensity form of political conflict that can precipitate intrastate armed conflict. Data on protests
should therefore be informative in systems that provide early warnings of armed conflict. However, since most
protests do not escalate to armed conflict, we first need theory to inform our prediction models. We identify three
theoretical explanations relating to protest-repression dynamics, political institutions and economic development as
the basis for our models. Based on theory, we operationalize nine models and leverage the political Violence Early
Warning System (ViEWS) to generate subnational forecasts for intrastate armed conflict in Africa. Results show that
protest data substantially improves conflict incidence and onset predictions compared to baseline models that
account for conflict history. Moreover, the results underline the centrality of theory for conflict forecasting: our
theoretically informed protest models outperform naive models that treat all protests equally.
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Introduction

Protest is a low-intensity form of political conflict that
can precipitate intrastate armed conflict. Data on pro-
tests should therefore be informative in systems that
provide early warnings of armed conflict. Conflict
early-warning systems have become much more
advanced over the past years, responding to a rapidly
increasing interest from decisionmakers. Performant
forecasting systems are important: they can facilitate
early action to prevent violence, mitigate the conse-
quences of armed conflict and increase public awareness.

High-quality protest data with live updating schedules
are readily available (ACLED; Raleigh et al., 2010), but
no studies have persuasively shown they can be useful to
predict armed conflict. The main reason for this, we
argue, is that most protests do not lead to armed conflict,
so naively adding protest data to machine-learning

models does not necessarily yield good results (see Hegre
et al., 2019: for prediction of conflict incidence with
protest data). To succeed in our forecasting task, we need
theory to identify which protests have the potential to
lead to armed conflict violence.1 We show that simply
entering protest data in a forecasting model without
careful modeling of dynamics and context does not yield
good predictive performance. We, therefore, build on
pre-existing theory on how protests are related to armed
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1 For a discussion of the importance of theory for conflict forecasting,
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conflict and identify three broad theoretical explanations
as the basis for our forecasting models. The first under-
lines how protest-repression dynamics can pave the way
for armed conflict. The second and third explanations
focus on the political institutions and socio-economic
conditions that make armed conflict more likely in the
wake of protest.

We operationalize the theoretical explanations and lever-
age the tools in ViEWS (the political Violence Early-
Warning System, Hegre et al., 2019) to evaluate whether
protest models improve armed conflict onset and incidence
predictions. Our empirical analysis consists of nine model
specifications that capture various aspects of the theoretical
arguments. We use random forest algorithms to generate
predictions of state-based armed conflict at the subnational
level for African countries. Models are trained on data from
1997–2016 and predict for 2017–2019.

The evidence shows that forecasting models with infor-
mation on protest activity do not unequivocally improve
armed conflict predictions compared to baseline models
accounting for conflict history. In fact, naive protest mod-
els, which treat all protests equally, do worse than the base-
line, especially for conflict onset. However, theoretically
informed models that unpack protest-repression dynamics
are better than both the baseline models and naive protest
models. There is also ample evidence that the institutional
and economic context matters for the relationship between
protest and armed conflict. In contrast to previous predic-
tion efforts with protest data, our approach improves both
armed conflict onset and incidence forecasts at the subna-
tional level. The results illustrate the importance of build-
ing armed conflict forecasting models on solid theoretical
foundations.

Overall, the article contributes to peace and conflict
research by marrying innovations in theory, data collec-
tion and methods for forecasting purposes. We also make
several additional contributions. First, efforts to predict
and forecast political violence have entered the peace
research mainstream (Hegre et al., 2013; Beger, Dorff
&Ward, 2016; Hegre et al., 2017; Witmer et al., 2017).
Most forecasting models, however, rely on slow-moving
‘structural’ factors, such as income or political institu-
tions, to generate forecasts. Consequently, the models
can distinguish countries at risk of violence from those
that are not, but they do not help identify where and
when violence will break out. Identifying the location
and timing of violence in high-risk countries is crucial for
conflict mitigation and prevention. Our approach shows
that predictive performance of both conflict onset and
incidence at the local level can be improved by

combining structural factors with event data (Chadefaux,
2014; Chiba & Gleditsch, 2017; Mueller & Rauh,
2018).

Second, although our primary objective is to
maximize predictive performance, our approach provides
insights into the usefulness of the theoretical arguments
we adapt for forecasting purposes. Evaluating a model’s
ability to improve prediction for unseen data can com-
plement the ‘p-value’ framework of hypothesis testing
(Ward, Greenhill & Bakke, 2010; Schrodt, 2014).
Without claiming that we test theoretical arguments in
any rigorous meaning of the word, our results show that
theoretical explanations help improve the performance of
a conflict early-warning system.

Literature review

Forecasting of armed conflict was high on the agenda in
peace research in the 1960s and 1970s (e.g. Choucri, 1974).
This agenda has seen a renaissance over the past ten years,
along with a general surge of forecasting and machine-
learning techniques in most scientific fields (see Hegre
et al., 2017: for a review). The most well-known armed
conflict forecasting models (Goldstone et al., 2010; Ward,
Greenhill & Bakke, 2010; Hegre et al., 2013; Bowlsby
et al., 2020) are set at the country-year level. They are
mainly based on static variables such as income and popu-
lation. A few models provide forecasts at finer geographic
resolutions (Witmer et al., 2017; Hegre et al., 2019, 2021)
and some at a more precise temporal scale (Ward et al.,
2013; Ward & Beger, 2017; Blair & Sambanis, 2020).
Although armed conflict is the prediction target that has
received the most attention, relevant studies also seek to
forecast coups or irregular leader changes (Bell, 2016a;
Ward & Beger, 2017), unrest (Chenoweth & Ulfelder,
2017), or regime change (Morgan, Beger & Glynn, 2019).

Many studies forecast the onset of armed conflict,
typically defined as the first year/month of violence in
a country above a given threshold after a given number of
years/months below the threshold. Other projects fore-
cast the incidence of armed conflict, whether violence is
above the threshold irrespective of violence levels in the
periods just before. Modeling the onset of new conflict
reveals new information but is also a more challenging
task. Incidence models, moreover, allow forecasting ter-
mination of ongoing conflicts.

Models forecasting protests have been forwarded
(Gurr & Lichbach, 1986; Cadena et al., 2015; Chenoweth
& Ulfelder, 2017), but not many models use protests to
forecast armed conflict. Some make use of event data to
forecast conflict (Ward et al., 2013; Chiba & Gleditsch,
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conflict and identify three broad theoretical explanations
as the basis for our forecasting models. The first under-
lines how protest-repression dynamics can pave the way
for armed conflict. The second and third explanations
focus on the political institutions and socio-economic
conditions that make armed conflict more likely in the
wake of protest.

We operationalize the theoretical explanations and lever-
age the tools in ViEWS (the political Violence Early-
Warning System, Hegre et al., 2019) to evaluate whether
protest models improve armed conflict onset and incidence
predictions. Our empirical analysis consists of nine model
specifications that capture various aspects of the theoretical
arguments. We use random forest algorithms to generate
predictions of state-based armed conflict at the subnational
level for African countries. Models are trained on data from
1997–2016 and predict for 2017–2019.

The evidence shows that forecasting models with infor-
mation on protest activity do not unequivocally improve
armed conflict predictions compared to baseline models
accounting for conflict history. In fact, naive protest mod-
els, which treat all protests equally, do worse than the base-
line, especially for conflict onset. However, theoretically
informed models that unpack protest-repression dynamics
are better than both the baseline models and naive protest
models. There is also ample evidence that the institutional
and economic context matters for the relationship between
protest and armed conflict. In contrast to previous predic-
tion efforts with protest data, our approach improves both
armed conflict onset and incidence forecasts at the subna-
tional level. The results illustrate the importance of build-
ing armed conflict forecasting models on solid theoretical
foundations.

Overall, the article contributes to peace and conflict
research by marrying innovations in theory, data collec-
tion and methods for forecasting purposes. We also make
several additional contributions. First, efforts to predict
and forecast political violence have entered the peace
research mainstream (Hegre et al., 2013; Beger, Dorff
&Ward, 2016; Hegre et al., 2017; Witmer et al., 2017).
Most forecasting models, however, rely on slow-moving
‘structural’ factors, such as income or political institu-
tions, to generate forecasts. Consequently, the models
can distinguish countries at risk of violence from those
that are not, but they do not help identify where and
when violence will break out. Identifying the location
and timing of violence in high-risk countries is crucial for
conflict mitigation and prevention. Our approach shows
that predictive performance of both conflict onset and
incidence at the local level can be improved by

combining structural factors with event data (Chadefaux,
2014; Chiba & Gleditsch, 2017; Mueller & Rauh,
2018).

Second, although our primary objective is to
maximize predictive performance, our approach provides
insights into the usefulness of the theoretical arguments
we adapt for forecasting purposes. Evaluating a model’s
ability to improve prediction for unseen data can com-
plement the ‘p-value’ framework of hypothesis testing
(Ward, Greenhill & Bakke, 2010; Schrodt, 2014).
Without claiming that we test theoretical arguments in
any rigorous meaning of the word, our results show that
theoretical explanations help improve the performance of
a conflict early-warning system.

Literature review

Forecasting of armed conflict was high on the agenda in
peace research in the 1960s and 1970s (e.g. Choucri, 1974).
This agenda has seen a renaissance over the past ten years,
along with a general surge of forecasting and machine-
learning techniques in most scientific fields (see Hegre
et al., 2017: for a review). The most well-known armed
conflict forecasting models (Goldstone et al., 2010; Ward,
Greenhill & Bakke, 2010; Hegre et al., 2013; Bowlsby
et al., 2020) are set at the country-year level. They are
mainly based on static variables such as income and popu-
lation. A few models provide forecasts at finer geographic
resolutions (Witmer et al., 2017; Hegre et al., 2019, 2021)
and some at a more precise temporal scale (Ward et al.,
2013; Ward & Beger, 2017; Blair & Sambanis, 2020).
Although armed conflict is the prediction target that has
received the most attention, relevant studies also seek to
forecast coups or irregular leader changes (Bell, 2016a;
Ward & Beger, 2017), unrest (Chenoweth & Ulfelder,
2017), or regime change (Morgan, Beger & Glynn, 2019).

Many studies forecast the onset of armed conflict,
typically defined as the first year/month of violence in
a country above a given threshold after a given number of
years/months below the threshold. Other projects fore-
cast the incidence of armed conflict, whether violence is
above the threshold irrespective of violence levels in the
periods just before. Modeling the onset of new conflict
reveals new information but is also a more challenging
task. Incidence models, moreover, allow forecasting ter-
mination of ongoing conflicts.

Models forecasting protests have been forwarded
(Gurr & Lichbach, 1986; Cadena et al., 2015; Chenoweth
& Ulfelder, 2017), but not many models use protests to
forecast armed conflict. Some make use of event data to
forecast conflict (Ward et al., 2013; Chiba & Gleditsch,
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2017; Blair & Sambanis, 2020), supplementing the most
used static variables. The event data going into these
models include information on protests. However, the
analyses do not permit distinguishing the importance of
protests from other events, including historical events
that we define as the dependent variable in our study.
Wu&Gerber (e.g. 2018) andWard et al. (e.g. 2013) use
protest data but only in a within-country setting.

Predicting changes in conflict levels was the topic of
a recent prediction competition (Hegre, Vesco &
Colaresi, 2022). Several contributions suggested new
predictors useful for predicting rapid changes (e.g.
Hultman, Leis & Nilsson, 2022; Mueller & Rauh,
2022; Oswald & Ohrenhofer, 2022), but none of them
tapped into protest data, despite the arguments
reviewed below indicating strong links between protest
and conflict escalation. As far as we know, only the
ViEWS model (Hegre et al., 2019, 2021) makes use
of the extensive protest data available in ACLED
(Raleigh et al., 2010). That protest model, however,
is overly simple, and we show below that it can be
considerably improved. The work presented here adds
significantly to these efforts by building theoretically
founded prediction models.

From protest to armed conflict: Theoretical
explanations

Protest can lead to armed conflict through a gradual process
in which the tactics and mind-set of radical protesters turn
violent or by affecting the opportunity and motivation for
large-scale political violence by other armed groups (Tilly,
1978; Della Porta & Diani, 2020; Rød & Weidmann,
2022). Nevertheless, only a minority of protests precede
armed conflict. Consequently, theoretical explanations
identifying which protests are likely to lead to armed con-
flict violence are crucial for our prediction task. The theo-
retical explanations we discuss below help us distinguish
protests that increase the risk of armed conflict from pro-
tests that do not. Before discussing them, we first define
armed conflict and protest.

Our prediction target is state-based armed conflict,
defined as the organized use of violence between at least
two actors, one of which is the government. Our key
predictor, protests, are public gatherings of a group of
people opposing the government. Protests can be peace-
ful or involve a degree of violence, for example, property
damage or clashes with government security forces. The
main difference between protest and state-based armed
conflict is that the latter involves systematic and orga-
nized use of armed force by the political opposition. In

contrast, violence during protests is spontaneous and
military organizations only play a peripheral, if any, role
on the opposition side (see also Bartusevičius &
Gleditsch, 2019).

Protest-repression dynamics
Protest-repression dynamics influence whether armed
conflict emerges in the aftermath of protests. State repres-
sion scholars have investigated how dissent affects repres-
sion and how repression affects dissent (for a recent
overview, see Demeritt, 2016). One key finding is that
states respond to dissent with repression. Repressive mea-
sures take the form of civil liberties infringements (e.g.
censorship, restrictions on freedom of speech or organiza-
tion) or physical integrity violations (e.g. torture, imprison-
ment without a fair trial). However, the form and intensity
of repression depend on the dissent: violent rioters and
peaceful protesters elicit different government responses.

While research has uncovered a fairly robust relation-
ship between dissent and repression (but see Ritter &
Conrad, 2016), the impact of repression on dissent is
more uncertain. There is empirical support for ‘almost
every possible relationship between protest and repres-
sion’ (Carey, 2006: 1). Some scholars show that repres-
sion discourages dissent (White, 1993; Pierskalla, 2010),
while others report that repression encourages it (Sutton,
Butcher & Svensson, 2014; Hultquist, 2017). Others
show that moderate-intensity repression fuels dissent
while high-intensity repression deters dissent (Hibbs,
1973; Mueller, 1990). Moreover, others find that repres-
sion leads to the substitution of dissenters’ strategies
(Moore, 1998) or has heterogeneous effects over time
(Rasler, 1996; Finkel, 2015).

Despite the diverging findings, there are strong rea-
sons to expect that violent, indiscriminate state repres-
sion of protests can lead to armed conflict. The
theoretical mechanisms leading from protest to armed
conflict violence focus on both rational and emotive
processes. From a rationalist perspective, repression
increases the costs of the protests (Lichbach, 1987). Even
when benefits beyond those of participating in protests
are high, a violent crackdown increases the uncertainty of
success. Therefore, repression may convince protesters
that the costs of protests are too high and that violent
rebellion is the only way forward. Escalation from peace-
ful protests to armed conflict is likely to be gradual.
Protesters expand their tactical repertoire (e.g. strikes,
street demonstrations, property damage, attacks on secu-
rity forces) by observing failures and successes in inter-
action with government actors. Similarly, the
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government adapts its approach depending on protesters’
tactics and the social actors engaged in protests. Della
Porta & Diani (2020) show how such an adaptation
process can lead to a spiral of violence and counter-
violence that culminates in armed conflict.

Emotions also play an essential role. While fear of
repression can demobilize citizens (Young et al., 2019),
protesters are often aware of potential costs. For example,
a Libyan during the Arab Spring remarked that ‘we knew
that our attempts to try would be hard and bloody’
(Pearlman, 2013: 389). Emotions such as anger,
revenge, contempt and distrust towards the government
can lead people to join or support armed rebellion
(McCullough, Kurzban & Tabak, 2013; Bartusevičius,
van Leeuwen & Petersen, 2020). These emotions can be
triggered by violent repression of peaceful protesters,
which tends to be perceived as unfair and consequently
undermines the moral legitimacy of the government
(Wood, 2003; Kalyvas, 2006). They are powerful moti-
vators of action and affect how people prioritize their
interests and process information. For example, anger
and revenge propel people to take larger risks and attack
their opponents, increasing the risk of further violence.

Rational and affective frameworks also explain why
the risk of armed conflict involving existing non-state
armed groups increases during protest mobilization.
When protests are large and sustained over time, they
tie up resources and reduce the legitimacy of the govern-
ment, which opens up opportunities for violence by
existing armed challengers. When protests are violently
repressed, armed groups can argue that peaceful tactics
are doomed to fail. Protests can also increase the motiva-
tion for violence by armed non-state actors. Government
challengers, such as protest movements and rebel groups,
are in competition with each other over local resources
and power. When protesters openly confront the gov-
ernment, they simultaneously sharpen the competition
with other non-state groups, increasing incentives for
these to also challenge the government.

In sum, rational and affective theoretical mechanisms
link protest-repression dynamics to political violence.
Our ability to predict armed conflict should improve
by distinguishing between peaceful and violent protests
and unpacking repressive government responses.

H1: Compared to empirical models with informa-
tion on protests that ignore the level of violence,
models with information on protest-repression
dynamics improve predictions of subnational
armed conflict onset and incidence.

Political institutions
Political institutions have important implications for
protest and armed conflict. Domestic peace is more
likely in democracies than in autocracies and anocracies
(Hegre, 2014). Democracy facilitates peaceful resolution
of conflicts by allowing the expression of discontent and
regular free and fair elections, empowering citizens to
affect their future without violence. These institutional
guarantees reduce motivations for violent conflict by
reducing commitment problems (Boix, 2003; Fearon,
2004; Acemoglu, 2006). Institutional avenues also make
escalation from protest to armed conflict unlikely. In
democracies, political leaders and citizens see protests
as a regular political activity with a low risk of violence.
Further, democratically elected bodies are more likely
than autocratic leaders to respond to protesters, partly
because protesters in democracies often are backed by
civil society organizations that influence politics through
institutional channels.

Autocratic leaders aim to pre-emptively quell emer-
ging popular threats through structural repression, espe-
cially restrictions on civil rights and liberties. However,
structural repression often fails, and autocracies are
highly prone to armed conflict (Gleditsch & Ruggeri,
2010; Bartusevičius & Skaaning, 2018). When protest
occurs in autocracies, it is likely a strong signal of poten-
tial violence. The fact that protest occurs despite the high
risk of government repression indicates radical discon-
tent with the autocratic regime. Moreover, the chances
of an escalating spiral of violence are high when a lack of
formal constraints on violent repression is combined
with committed protesters, especially when organiza-
tional support for protesters is absent (Sutton, Butcher
& Svensson, 2014; Ives & Lewis, 2020).

Some non-democratic regimes are more prone to vio-
lent protest trajectories than others. Anocracies, a regime
type that allows the political opposition to organize and
compete for office but lacks effective institutional
mechanisms to incorporate the opposition, are vulnera-
ble to both protest and armed conflict (Muller &Weede,
1990; Hegre et al., 2001; Cederman, Hug & Krebs,
2010; Fjelde, 2010; Robertson, 2010). Elections often
trigger protest and violence in these regimes (Birch,
Daxecker & Höglund, 2020). Regimes often engage in
fraud and repression, such as ballot-box stuffing, exclu-
sion of opposition candidates and voter intimidation to
avoid losing elections (Hafner-Burton, Hyde &
Jablonski, 2014; Rød, 2019). Fraudulent elections serve
as focal points for protest by exposing large parts of the
population to the same injustice at the same time,
creating an ‘imagined community of millions of robbed

4 journal of PEACE RESEARCH XX(X)



Rød et al.	 7
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Autocratic leaders aim to pre-emptively quell emer-
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cially restrictions on civil rights and liberties. However,
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highly prone to armed conflict (Gleditsch & Ruggeri,
2010; Bartusevičius & Skaaning, 2018). When protest
occurs in autocracies, it is likely a strong signal of poten-
tial violence. The fact that protest occurs despite the high
risk of government repression indicates radical discon-
tent with the autocratic regime. Moreover, the chances
of an escalating spiral of violence are high when a lack of
formal constraints on violent repression is combined
with committed protesters, especially when organiza-
tional support for protesters is absent (Sutton, Butcher
& Svensson, 2014; Ives & Lewis, 2020).

Some non-democratic regimes are more prone to vio-
lent protest trajectories than others. Anocracies, a regime
type that allows the political opposition to organize and
compete for office but lacks effective institutional
mechanisms to incorporate the opposition, are vulnera-
ble to both protest and armed conflict (Muller &Weede,
1990; Hegre et al., 2001; Cederman, Hug & Krebs,
2010; Fjelde, 2010; Robertson, 2010). Elections often
trigger protest and violence in these regimes (Birch,
Daxecker & Höglund, 2020). Regimes often engage in
fraud and repression, such as ballot-box stuffing, exclu-
sion of opposition candidates and voter intimidation to
avoid losing elections (Hafner-Burton, Hyde &
Jablonski, 2014; Rød, 2019). Fraudulent elections serve
as focal points for protest by exposing large parts of the
population to the same injustice at the same time,
creating an ‘imagined community of millions of robbed
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voters’ (Kuntz & Thompson, 2009: 258). These
dynamics often take place in countries where violent
groups already exist. Protest during elections, especially
in non-democracies, can therefore be a powerful signal of
future armed violence.

In sum, compared with democracies, protest in auto-
cracies is a stronger early-warning signal for armed con-
flict. Protests around elections should also improve
predictive performance by signaling an increased risk of
armed conflict, especially in non-democratic settings.

H2: Protest models that account for political insti-
tutions (democracy, civil liberties, recent and
anticipated elections) improve predictions of
subnational armed conflict onset and incidence
compared to protest models that do not.

Economic development
We expect economic development to reduce the risk of
escalation from protests to armed conflict. Economic devel-
opment refers to how services, manufacturing, and human
and financial capital are more critical economic input fac-
tors than agricultural land and natural resources. Four key
findings underpin our expectation. First, armed conflict is
much less likely in high-income countries, independently
of protests (Fearon & Laitin, 2003; Boix, 2008; Collier,
Hoeffler & Rohner, 2009). Second, to maintain a devel-
oped economy, education and pre-existing civil society
organizations are typically necessary. These factors
strengthen opposition groups, helping them to coordinate
mobilization. In turn, the impact of protests increases, and,
given a commitment to nonviolence among organizers,
minimizes violence and rioting on the protester side, all
of this reducing the risk of escalation into violence
(Chenoweth & Stephan, 2011).

Third, aspects of economic development, such as dense
economic networks that would be curtailed by widespread
organized violence, or substantial importance of civil soci-
ety organizations such as labor unions, help constrain the
government from using heavy-handed repression (Hegre,
Bernhard &Teorell, 2020). In developed economies, polit-
ical conflict is unlikely to turn into armed conflict since
states are more capable and economic incentives to use
violence are weak (Fearon & Laitin, 2003; Boix, 2008;
Collier, Hoeffler & Rohner, 2009; Hegre, 2015).
Although development may not hinder governments in
violent repression, protest dynamics are less likely to esca-
late into armed conflict in highly developed contexts.

Finally, economic development may insulate nonviolent
opposition from opportunistic violence by third-party
actors. Governments in developed countries are typically

stronger militarily and have better organization and
intelligence services (Kocher, 2004; Fearon & Laitin,
2003). As governments and protesters often have a joint
interest in marginalizing violent groups, state capacity helps
prevent violent groups from exploiting the legitimacy chal-
lenges caused by peaceful protests to forward their violent
agendas in the wake of protest events. All in all, we expect
socio-economic development to dampen the tendency for
protests to escalate to armed conflict.

H3: Protest models that account for economic
development improve predictions of subna-
tional armed conflict onset and incidence com-
pared to protest models that do not.

Research design
To optimize an armed conflict prediction model and
examine our theoretical expectations, we develop models
and evaluate their predicted performance for countries in
Africa using the ViEWS early-warning system (Hegre
et al., 2019, 2021). Following ViEWS, we specify the
empirical models at the PRIO-GRID-month (pgm) level.
The spatial units (grid cells) are quadratic cells with a
spatial resolution of 0.5 x 0.5 decimal degrees corre-
sponding to approximately 55 x 55 kilometers at the
Equator (Tollefsen, Strand & Buhaug, 2012).

Our dependent variables are the monthly incidence
and onset of state-based armed conflict. We use data
from the UCDP Georeferenced Event Dataset (UCDP
GED) v.20.1 (Croicu & Sundberg, 2015; Pettersson &
Öberg, 2020) and aggregate the events coded as ‘state-
based’ to the pgm level. We use a single-death threshold
of violence. The incidence variable (ged_dummy_sb) is
coded as 1 if state-based violence occurred, 0 if not. The
onset variable (ged_dummy_sb_onset) is coded as 1 if
state-based violence occurred and more than six months
have passed since violence last occurred in the same cell,
0 if not.2

We rely on the Armed Conflict Location & Event
Data Project (ACLED) to operationalize independent
variables measuring protest (Raleigh et al., 2010). We
aggregate counts of protests to the pgm level and normal-
ize them by grid cell population. Normalization ensures
that our protest indicators do not simply differentiate
densely populated grid cells from sparsely populated
ones. We distinguish between four categories of protest
events: peaceful protests, protests with low-level inter-
vention, protests with excessive force against protesters,

2 See descriptive statistics in Table A-1 in Online appendix A-3.
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and protests with violent behavior by demonstrators.
These categories separate protest with and without vio-
lence, the intensity of violence and the actors involved.
Peaceful protests are events with no violence by protest-
ers, state security forces, or other armed actors. Protests
with low-level intervention are when security forces or
other armed groups intervene but do not use lethal force.
Events with excessive use of force equal lethal interven-
tions. The final category, riots, identifies events with
violent protesters.3 Following our theoretical discussion,
we expect models that distinguish violent from peaceful
protests to improve predictions relative to models that do
not. In addition to capturing local protest, we calculate
the number of protests at the country level and normalize
them by country population.4

We include variables that capture the temporal and
spatial dynamics of protest. For the temporal dimension,

we construct decay variables for the time since the last
protest events with a halflife of six months and include a
one-month lag of protest. Further, we capture the cumu-
lative effect of protest by computing the total number of
events in the past three months. For the spatial
dimension, we calculate the sum of all protest events for
first- and second-order neighbor grid cells. Finally, we
construct variables that measure the distance to the near-
est protest event during the last three months.

Does this setup allow us to build protest models for
armed conflict prediction, or are we simply predicting
conflict with different data on conflict? In our view, the
protest models we build using ACLED data are distinct
from models that capture conflict history based on data
from UCDP. First, as discussed in the theoretical sec-
tion, protest and state-based armed conflict are distin-
guishable at a conceptual level. Note also that protest
repression is conceptually different from armed conflict.
Repression occurs when state armed actors use violence
against unarmed protesters, whereas armed conflict
requires armed actors on both sides. Second, patterns
in the data support our conceptual notion of armed
conflict and protest as qualitatively different. Figure 1
shows the geographical distribution of armed conflict
and protest events focusing on Ethiopia and its neigh-
boring countries. There is some spatial overlap between

Figure 1. Decay maps illustrating the recent history (as of December 2016) of the different types of armed conflict and protest
events. Cells coloured in red observed events in late 2016, with green color events about a year earlier, and with purple color no
events the past three years

3 We acknowledge that datasets on protest with broad country
coverage may contain biases due to media reporting. Issues related
to bias likely affect protest more than armed conflict, since protest is a
low-intensity form of conflict that does not receive as much media
attention as violent events. Ideally, we would have uniform coverage
based on data from local sources. Nonetheless, we believe the data are
suitable for the prediction task.
4 Countries as defined by CShapes (Weidmann, Dorussen &
Gleditsch, 2010).
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conflict and protest. However, a closer look reveals that
protests are concentrated in urban areas, such as Addis
Ababa, while armed conflict is more prevalent in eastern
Ethiopia. Moreover, while there is a considerable
amount of peaceful protest and even riots in southwest
Kenya, armed conflict is absent. Finally, we compare all
protest models to a baseline armed conflict history model
in the empirical section. If our protest models merely
capture conflict history, we would expect a low predic-
tive performance compared to our baseline. These points
should eliminate concerns that we are merely predicting
conflict using more extensive conflict history data.

To evaluate how protest interacts with contextual fac-
tors to affect armed conflict (E2 and E3), we include
political institutions and economic development in our
models. We measure political institutions at the country
level using variables from the Varieties of Democracy
(V-Dem) and Rulers, Elections and Irregular Govern-
ance (REIGN) datasets (Bell, 2016b; Coppedge et al.,
2020).5 The variables measure level of electoral democ-
racy, civil liberties, the number of months since the last
elections took place, and whether an election is sched-
uled for the coming six months. Finally, we use data on
economic development from WorldBank (2019) and
Tollefsen, Strand & Buhaug (2012). The indicators
measure GDP per capita, GDP per capita growth and
unemployment at the country level. We measure the
logged gross cell product per capita, infant mortality rate,
urban area and agricultural area at the grid cell level.

Model specifications and comparisons
We define nine empirical models (sets of predictors)
based on the theoretical explanations (E1, E2, E3) sum-
marized in Table I. Our interest lies in predicting inci-
dence and onset, and we estimate all the models for both
outcomes. We compare our models to a hierarchy of
benchmark models. For our purpose – to evaluate the
value of our theoretically informed models – baseline
models should satisfy the following criteria: they should
have good predictive performance but also avoid the
predictive-modeling analogies to omitted variable and
post-treatment bias.6 In our context, the baseline model
should include features that are correlated with both

protest and armed conflict, but only if they are not the
results of protest in itself. Our initial baseline model only
includes information from the prediction outcome
(Cranmer & Desmarais, 2017) – i.e. variables measuring
conflict history. Research has shown that conflict history
models are difficult to outperform (Ward, Greenhill &
Bakke, 2010; Hegre et al., 2019), making this a tough
baseline model to beat. However, most model compar-
isons we make are either between models in Table I that
all include this baseline and different formulations of the
protest models or between richer models compared to
the same models without the protest features. We con-
tend that this relatively parsimonious setup allows a
robust but transparent demonstration of the value of the
protest features for predictive modeling.7

The first set of models focuses on protest-repression
dynamics (M1–M3). Here, we evaluate whether infor-
mation on recent protest enhances predictive perfor-
mance compared to the baseline model and whether
distinguishing between protest with and without vio-
lence further improves armed conflict predictions (E1).
We first specify a naive protest model (M1) that includes
protest counts and the temporal and spatial transforma-
tions of protest information without considering the role
of violence by security forces or protesters.8 We compare
the predictive performance of this naive protest model
with two models that differentiate between peaceful pro-
tests, protest with low-level intervention, and excessive
violence by the government or violence by demonstra-
tors. A local protest-repression dynamics model contains
this information on the pgm level (M2). We also specify a
national protest-repression dynamics model that
includes protest variables aggregated to the country level
(M3).

Evaluating how political institutions and protest may
improve conflict predictions (E2), the second set of mod-
els includes measures of electoral democracy (M4), civil
liberties (M5) and elections (M6), in addition to the
protest variables. Models that include protest and polit-
ical institution variables should outperform models with
only protest or political institution variables. Moreover,
information on recent and anticipated elections should

5 V-Dem provides annual data, and we lag all variables by one year to
ensure that we do not include any information from the future.
6 If our focus were on predictive performance alone and not on the
value of theoretically informed models, the best baseline would be the
most performant one. If the baseline model were maximally rich,
however, we would risk that our theoretically informed features
would be picked up by other aspects of a black-box model that

happened to capture the same information without us being able to
trace it.
7 A principled baseline model selection such as the one we outline can
be followed up with a performance-based model selection process by
which researchers specify many potential baseline models that fit the
principles and choose the most performant one.
8 This model is similar to the current protest model in ViEWS
(Hegre et al., 2019).
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boost the predictive accuracy of models with protest
variables compared to models with only protest or elec-
tion variables. We also specify a model that uses ‘unex-
pected protests’ as the main protest predictor (M7). As
discussed in the theoretical section, protests are more
common and widely accepted as political behavior in
democracies than in non-democracies. To capture this,
we include two features that capture the extent to which
governments are expected to respond with excessive

violence as well as whether the observed amount of pro-
tests exceed what is expected given institutions and his-
tory of the country.9

The final set of models incorporates features related to
economic development on the national and subnational

Table I. Overview of model specifications

Long name Description Features N Features
Empirical
expectation

Baseline model (M0) Conflict data at the subnational
level

Lagged armed conflict fatalities in grid cell,
dichotomous indicator of armed conflict events in
neighbor grid cells, time since armed conflict events
in grid cell (decay, 12 months halflife), dichotomous
indicator of armed conflict event last month

4

Naive protest model
(M1)

Protest data at the subnational
level

M0 þ Count of protest last month in grid cell,
cumulative count of protests last three months in grid
cell, time since protest in grid cell (decay, six months
halflife), count of protest last month in neighbor and
second-order neighbor grid cells, cumulative count of
protests last three months in neighbor and second-
order neighbor grid cells, time since protest in neighbor
and second-order neighbor grid cells (decay, six months
halflife) distance to the nearest protest event in the last
three months

11

Local protest-repression
dynamics model
(M2)

Differentiation between violent
and nonviolent protests at the
subnational level

M0 þ Same indicators as M1, but disaggregated to the
following protest categories: 1) peaceful protests; 2)
protests with low-level intervention; 3) protests with
excessive force against protesters and; 4) protests with
violent demonstrator behaviour

32 E1

National protest-
repression dynamics
model (M3)

Differentiation between violent
and nonviolent protests at the
subnational and national level

M0 þ M2 þ Count of protest last month in country,
cumulative count of protests last three months in
country, time since protest in country (decay, six
months halflife) for each of the protest categories

44 E1

Political institutions I:
Electoral democracy
(M4)

Includes information on level of
democracy

M0 þ M3 þ electoral democracy index (lagged by
12 m)

45 E2

Political institutions II:
Civil liberties (M5)

Includes information on civil
liberties

M0 þ M4 þ civil liberties (lagged by 12 m) index and
subnational differences in civil liberties index (lagged by
12 m)

47 E2

Political institutions III:
Elections (M6)

Includes information on recent
and planned elections

M0 þ M5 þ months since last election and
dichotomous indicator of anticipated election in next
six months

49 E2

Political institutions IV:
Unexpected protest
specification (M7)

Includes the residuals and
predicted values of protest

M0 þ M3 þ residuals and predicted values from
negative binomial regression of protest

46 E2

Economic development
I: Country level (M8)

Includes information on economic
development at the national level

M0 þM3 þ GDP per capita, GDP per capita growth,
and total unemployment

47 E3

Economic development
II: Subnational level
(M9)

Includes information on economic
development at the subnational
and national level

M0 þ M8 þ gross cell product per capita, infant
mortality rate in cell, urban area in cell, agricultural area
in cell

51 E3

9 The rationale behind this model as well as the underlying
estimation results are reported in Online appendix A-4.
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levels (E3). The first economic development model
includes variables measuring GDP per capita, growth
and unemployment (M8), whereas the second also
incorporates information on gross cell product per
capita, local infant mortality rate and urban/agricultural
area in grid cells. E3 stipulates that models combining
information on protest and economic development out-
perform models with only protest or economic develop-
ment variables.

Estimation
We use the random forest classifier (Breiman, 2001) to
link the predictors to the outcome. Random forest mod-
els have been very successful for forecasting purposes, as
they allow for very flexibly modeled relationships
between features and the likelihood of the outcomes,
including interactive relationships, work well with a large
number of features, and have strong built-in procedures
to avoid overfitting. Potential interactions between a set
of independent variables do not need to be specified but
are instead picked up by algorithm due to the recursive
structure of building the trees. Interpreting random-
forest model results can be challenging. We overcome
this challenge by discussing ‘individual conditional
expectation’ (ICE) and partial dependence plots. Since
the algorithm is computationally intensive with a large
number of trees, we ‘asymmetrically’ downsample, i.e.
keep all conflict outcomes but sample 30% of all non-
conflict observations. For more details, see Online
appendix A-2.

We predict for all months from January 2017 to
December 2019. We train separate models for different
forecasting horizons and show results for predictions
s 2 ½3; 6; 12; 36� months into the future. Our training
data start in January 1997 (ACLED start year) and up to
s months before the prediction applies.

Evaluation
We train a set of models that incrementally add features as
specified in Table I. This enables us to evaluate changes in
predictive performance when adding variables as suggested
by the theoretical arguments. To compare the out-of-
sample predictive performance of each model, we report
three evaluation metrics based on data of observed and
predicted conflict events for the period between January
2017 and December 2019. The average precision score
(AP) is particularly well suited when evaluating predictions
for imbalanced classes, as is the case for armed conflict
(Cranmer & Desmarais, 2017). By not considering the
true negatives, the score rewards models that predict

conflicts rather than the absence of conflict. We also report
the area under the receiver operator curve (AUROC) and
Brier scores. Compared to AP and AUROC, which mea-
sure the ranking of observations, Brier scores measure the
sharpness of predictions (how close they are to the actual
relative frequency). The evaluation metrics are averaged
over the conflict probabilities and over the months for
each step.

To measure the effect of including additional features,
we compute and compare the percentile bootstrapped
confidence intervals by drawing 1,000 samples of
prediction-actual pairs, calculating the AP scores for each
sample, computing the difference between a baseline and
more extensive model specification, and defining the
95% confidence intervals. We also extensively use visua-
lization tools such as maps and PDP/ICE plots to analyze
the predictions.

Results

Table II presents the performance of the baseline model
(M0) for conflict incidence and onset in AP, AUROC
and Brier scores. At time step 3 for incidence/onset, AP is
0.275/0.207, AUROC 0.928/0.843 and Brier 0.0050/
0.0047. Although the benchmark model is simple, it is
not an easy model to beat. The full ensemble model in
Hegre et al. (2019: 166), for instance, has AP of 0.277
averaged across steps, for the same prediction problem –
only about 30% better than the incidence baseline
model we use here.

Evaluation: Incidence
Our hypotheses specify that including data on protest-
repression dynamics on its own (E1) and together with
data on political institutions (E2) and economic devel-
opment (E3) systematically improves armed conflict pre-
diction. Figure 2 reports the AP, AUROC and Brier

Table II. AP, AUROC and Brier scores for the baseline model
(M0) for conflict incidence and onset in the period 2017–
2019

Outcome Step AP AUROC Brier

Incidence 3 0.275 0.928 0.0050
Incidence 6 0.240 0.913 0.0051
Incidence 12 0.209 0.885 0.0053
Incidence 36 0.130 0.808 0.0053
Onset 3 0.207 0.843 0.0047
Onset 6 0.179 0.904 0.0046
Onset 12 0.172 0.871 0.0046
Onset 36 0.078 0.758 0.0049
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scores for the baseline model (M0), naive model (M1)
and the protest-repression dynamics model (M2) for
incidence of conflict.10 We show that results are at least
as strong for the challenge of forecasting conflict onsets.
The y-axis shows the performance on these metrics.
Along the horizontal axis, we show results for the four
steps forward (s 2 ½3; 6; 12; 36�) and the three metrics
for each step.11 The figure provides three insights. First,
model performance drops as we attempt to predict fur-
ther into the future. Second, we can see differences in the
performance of models M0, M1 and M2. The figure
shows that the baseline model performs marginally better
than the naive protest model for all metrics.

Further, we see a clear and consistent difference in pre-
dictive performance between the protest-repression models
and the baseline and the naive protest model across metrics
and time. AP scores are 0.303 vs 0.275/0.269 (3 months)
and 0.144 vs 0.129/0.123 (36 months). These results pro-
vide evidence in favor of E1: Models with information on
recent protests incorporating protest-repression dynamics
improve predictions compared to a naive protest model.
The improvement is substantial: On average, across all
possible thresholds, the proportion of positive predictions
that are correct increases by 12%, from 26.9% to 30.3%.

Figures 3, 4 and 5 displays a more rigorous test of
expectations E1–E3. Each plot shows the difference in
bootstrapped AP scores on the y-axis and time points on
the x-axis for the relevant model comparisons. The 95%

confidence intervals are computed by drawing 1,000
bootstrapped samples of prediction-actual pairs, taking
the difference in AP scores between models for each of
these draws, and defining the percentile confidence
intervals across 1,000 bootstrapped AP metrics.

Figure 3a compares the naive protest model M1 to the
baseline M0. A positive difference in AP indicates that
M1 outperforms M0. The plot shows no difference
between M0 and M1, indicating that naively adding
information on recent protest does not improve armed
conflict predictions. Figures 3b and 3c display the same
comparison for the protest-repression dynamics models
M2 and M3 against M1 as a test of E1. The results
strongly support E1: we see consistent increases in AP
for the protest-repression dynamics models compared to
the naive protest model.12

We specify two comparison models to test the impact
of adding information on political institutions (E2) and
economic development (E3). E2 and E3 suggest that
models that include protest and political institutions/
economic development variables should outperform mod-
els with only protest or political institutions/economic
development. We, therefore, first compare the protest-
repression dynamics model (M2) to each of the more
extensive models (M4–M9). Second, we compare
M4–M9 to models similar to each of these, except for
omitting information on protest-repression dynamics.
This second comparison helps isolate differences in
predictive performance due to the interplay of protest
and political institutions/economic development from

Figure 2. Performance metrics for armed conflict incidence: AP, AUROC and Brier scores for M0, M1 and M2 at steps 3, 6, 12, 36

10 Detailed evaluation statistics are available in Table A-4 and A-5 in
Online appendix A-5.
11 Note that the Brier scores are reversed, going from higher to lower
score as we move up the y-axis so that the best-performing models are
placed at the top of the axis for all metrics.

12 Results hold when comparing M2 andM3 toM0, see Figures A-2a
and A-2b in Online appendix A-5.
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differences merely due to adding institutional and devel-
opmental features to the models. The results are dis-
played in Figure 4 (E2) and Figure 5 (E3).

In Figures 4a–4d, we see that adding features for
electoral democracy (M4), civil liberties (M5) and elec-
tions (M6) to the protest-repression dynamics model
(M2) systematically improve predictions. The

unexpected protest model (M7), however, does not
clearly improve predictive performance relative to M2.
Nonetheless, the results overall indicate that political-
institutional features can improve protest models. Fur-
ther, the bottom row (Figures 4e–4h) shows that the
performance of all these four models is much better than
similar models where all protest features are removed. It

Figure 4. Testing E2: Difference of bootstrapped AP scores for armed conflict incidence. See Table I for model details

Figure 3. Testing E1: Difference of bootstrapped AP scores for armed conflict incidence. See Table I for model details
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is clear that data on protests improve performance rela-
tive to models that only contain the static institutional
features, in support of E2.

In Figure 5, we plot similar results for empirical
expectation E3. Overall, combining protest with eco-
nomic development features improves predictive perfor-
mance. The results are more consistent for the local
economic development model (M9) than for the corre-
sponding national-level development model (M8).

How do our model specifications change subnational
armed conflict predictions?13 The map in Figure 6a plots
the baseline predicted probabilities of conflict incidence for
March 2017 for Ethiopia and its neighboring countries for
the baseline model (M0) predicting three months into the
future. Figure 6a also marks with black dots the actual
locations of conflict events in that month. The baseline
model shows probabilities higher than 80% in conflict-
ridden areas, such as Somalia, but does not always get the
exact locations right. Also, note that the model misses con-
flict events in the eastern part and at the southern borders of
South Sudan and conflict events near Lamu in Kenya.

Figures 6b–6d map the difference in predicted prob-
abilities for three of our protest models compared to the
baseline.14 As Figure 6b shows, the local protest-
repression model adjusts the predicted probability
upwards for most of the locations – three grid cells with
actual conflict receive clearly lower predicted probabil-
ities than in the baseline model. Particularly in Somalia,
the protest model yields higher predicted probabilities
for three out of five false negatives. These improvements

are even more clear in Figures 6c and 6d. The develop-
ment model in particular strengthens predictions in
Somalia and Kenya.

The reason for these improvements can be seen in the
maps of the distribution of protest events in the region
up to December 2016 (Figures 6e and 6f). The area
around Mogadishu saw peaceful but also several
repressed protest events. The most substantial contribu-
tion to false positives is observed in Somaliland, an area
that saw a combination of peaceful protests and riots.

Our theoretical expectations suggest that adding
information on protest-repression dynamics and eco-
nomic development improves predictive performance.
Our results have provided evidence in favor of these. The
theory also suggests clear directionality of effects: protest
features are expected to increase conflict probability. In
Figure 7, we take a closer look at the direction of effects
in the centered ICE/partial dependence (PD) plots based
on M9 for predictions three months ahead.

PD plots provide us with information regarding the
global relationship between an individual feature and the
predicted outcome of interest when all other features are
held constant; the ICE lines display instances separately.15

The y-axis shows the change in the predicted probability of
armed conflict. The x-axis displays the values of a feature,
here the decay of time since different protest categories (a
value of 0 indicates no recent protest, a 1 that protest
occurred last month). All plots in Figure 7 indicate that the
predicted probability of state-based conflict increases with
temporal proximity to all protest categories. The patterns in
the figure are consistent with the theoretical arguments
linking protest-repression dynamics to armed conflict.

Figure 5. Testing E3: Difference of bootstrapped AP scores for armed conflict incidence. See Table I for model details

13 In addition to the mapped prediction we discuss in the main article
text, we investigate how subnational armed conflict predictions differ
across models by discussing bi-separation plots, see Figure A-4 in
Online appendix.
14 All prediction maps are reported in Figure A-5 in Online appendix
A-5.

15 Note that PD plots rely on the assumption that the features are
independent of each other which may result in a distortion of the
observed relationship.
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Evaluation: Onset
How does information on protest affect armed conflict
onset prediction? In Figure 8, we display key model
comparisons for protest onset. Consistent with E1 and
the incidence results, we see that the two protest-

repression dynamics models (M2 and M3) outperform
the naive protest model. In terms of improvement in
average precision (AP), the theoretically informed protest
models are even more important for onset than for inci-
dence. In particular, when comparing the national

Figure 6. Plots a–d: Differences in predicted probability between baseline and protest models for March 2017 (step ¼ 3). The
black triangles indicate where an actual conflict event was observed (based on a window of six months). Plots e–f: Decay maps
illustrating the recent history (as of December 2016) of protest. Cells colored in red observed events in late 2016, with green
color events about a year earlier, and with purple color no events the past three years
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Figure 7. Combination of centered ICE and partial dependence plots for predicted armed conflict incidence by local protest-
repression dynamics features (Model M9, Step 3)

Figure 8. Key results for E1, E2 and E3 for armed conflict onset
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Figure 7. Combination of centered ICE and partial dependence plots for predicted armed conflict incidence by local protest-
repression dynamics features (Model M9, Step 3)

Figure 8. Key results for E1, E2 and E3 for armed conflict onset

14 journal of PEACE RESEARCH XX(X)

protest-repression model (M3) to M1 (Figure 8b), AP
increases by about 0.08 for steps 3 and 6, in contrast to
an increase of 0.05 for the corresponding incidence com-
parison (Figure 3c). They also clearly beat the baseline
model in three out of four steps, see Figure A-10a in
Online appendix A-6. Further, Figure 8c shows that the
electoral democracy model (M4) improves AP scores
compared to the local protest-dynamics model (M2).
These results also hold for M5, M6 and M7, indicating
strong empirical support for the expectation that the
interaction between protest and political institutions
shapes conflict onset risk. The evidence is weaker for
E3, namely that economic development level accentuates
the risk of conflict during protest. Figure 8d shows
improvement for steps 6 and 36, but not for 3 and 12
when comparing M9 (economic development) to M2.
The average change is negative at step 3. Results are more
in favor of E3 when comparing M8 to M2, but we
consider the evidence here tentative.16

In sum, the combined incidence and onset results
suggest strong evidence in favor of E1. Theoretically
informed protest models improve our ability to predict
armed conflict. We also find considerable evidence for
E2 (political institutions) and E3 (economic develop-
ment), although results vary somewhat depending on
model specification and outcome.

Conclusion

Forecasting has entered the mainstream in peace and
conflict studies, and policymakers are increasingly inter-
ested in conflict early-warning systems. In this article, we
have leveraged forecasting tools in the ViEWS system to
assess whether data on protest improve early warning of
armed conflict.

Our starting point was that protest – a low-intensity
form of political conflict – can lead to civil war violence.
Protest should therefore be informative for conflict early-
warning systems, but no studies have so far convincingly
leveraged protest data to improve conflict predictions.
Since most protests do not lead to civil war, we turned
to theoretical accounts of the dynamics and contexts that
increase the potential for armed violence in the wake of
protests. The three theoretical explanations we discussed,
namely protest-repression dynamics, political institu-
tions and economic development, then guided how we
specified our forecasting models.

Our empirical analysis showed that the theoretically
informed models of protest outperformed a baseline
model that captured conflict history and a naive protest
model that treated all protests equally. The evidence also
indicates that models that combine information on pro-
test dynamics and the political/economic context in
which protests occur outperform models that incorpo-
rate these aspects separately. The results are at least as
strong when forecasting the onset of conflict as
incidence.

Our article shows that event data can be combined
with contextual data to improve predictions of where
and when armed conflict will occur at the subnational
level. This evidence is significant: the development of
tools and systems that can identify the location and tim-
ing of violence is needed to prevent and mitigate vio-
lence. Importantly, our approach underlines that theory
has a vital role to play in armed conflict forecasting –
atheoretical machine-learning models do not necessarily
pick up such patterns without a guide for how to specify
them. Theory-driven predictive modeling can be taken
further than we have done here by specifying the direc-
tionality and functional form of effects and exploring
when and where expectations hold. Research teams and
decisionmakers need to jointly leverage theory, data
and predictive methods to improve existing systems and
develop potent new ones.

Replication data
All replication files for the empirical analysis in this
article can be found at http://www.prio.org/jpr/datasets.
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Aksel Sundström, Eitan Tzelgov, Yi-ting Wang, Tore Wig
& Daniel Zilblatt (2020) V-Dem codebook v10.

Cranmer, Skyler J & Bruce A Desmarais (2017) What can we
learn from predictive modeling? Political Analysis 25(2):
145–166.

Croicu, Mihai & Ralph Sundberg (2015) UCDP georefer-
enced event dataset codebook version 4.0. Journal of Peace
Research 50(4): 523–532.

Della Porta, Donatella & Mario Diani (2020) Social Move-
ments: An Introduction. Hoboken, NJ: Wiley.

16 journal of PEACE RESEARCH XX(X)

Demeritt, Jacqueline HR (2016) The strategic use of state
repression and political violence. In: Thompson William
R (ed.) The Oxford Encyclopedia of Empirical International
Relations Theory. New York: Oxford University Press.

Fearon, James D (2004) Why do some civil wars last so much
longer than others? Journal of Peace Research 41(3):
275–301.

Fearon, James D & David D Laitin (2003) Ethnicity, insur-
gency, and civil war. American Political Science Review
97(1): 75–90.

Finkel, Evgeny (2015) The phoenix effect of state repression:
Jewish resistance during the holocaust. American Political
Science Review 109(2): 339–353.

Fjelde, Hanne (2010) Generals, dictators, and kings: Author-
itarian regimes and civil conflict, 1973–2004. Conflict
Management and Peace Science 27(3): 195–218.

Gleditsch, Kristian Skrede & Andrea Ruggeri (2010) Political
opportunity structures, democracy, and civil war. Journal of
Peace Research 47(3): 299–310.

Goldstone, Jack A; Robert H Bates, David L Epstein, Ted
Robert Gurr, Michael B Lustik, Monty G Marshall, Jay
Ulfelder & Mark Woodward (2010) A global model for
forecasting political instability. American Journal of Political
Science 54(1): 190–208.

Gurr, Ted Robert &Mark Irving Lichbach (1986) Forecasting
internal conflict: A competitive evaluation of empirical the-
ories. Comparative Political Studies 19(1): 3–38 (https://
doi.org/10.1177/0010414086019001001).

Hafner-Burton, Emilie M; Susan D Hyde & Ryan S Jablonski
(2014) When do governments resort to election violence?
British Journal of Political Science: 149–179.

Hegre, Håvard (2014) Democracy and armed conflict. Journal
of Peace Research 51(2): 159–172 (https://doi.org/10.1177/
0022343313512852).

Hegre, Håvard (2015) Civil conflict and development. In:
Nicholas van de Walle & Carol Lancaster (ed.) Oxford
University Press Handbook on the Politics of Development.
Oxford: Oxford University Press.

Hegre, Håvard; Marie Allansson, Matthias Basedau, Mike
Colaresi, Mihai Catalin Croicu, Hanne Fjelde, Frederick
Hoyles, Lisa Hultman, Stina Högbladh, Remco Jansen,
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