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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 es-

calate to armed conflict, we first need theory to inform our prediction models. We

identify three theoretical explanations relating to protest-repression dynamics, po-

litical 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 sub-national forecasts for intrastate armed

conflict in Africa. Results show that protest data substantially improves conflict

incidence and onset predictions compared to baseline models that only account for

conflict history. Moreover, the results underline the centrality of theory for conflict
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forecasting: Our theoretically informed protest models outperform naïve 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 protests should therefore be informative in systems that seek to provide

early warnings of armed conflict. Data-based conflict early-warning systems have become

much more advanced over the past few years, responding to a rapidly increasing interest

in them among decision-makers (for example World Bank Group and United Nations,

2017). Performant conflict forecasting systems are important: They can facilitate early

action to prevent violence, mitigate the consequences of armed conflict, and increase

public awareness.

High-quality protest data with live updating schedules are readily available (ACLED;

Raleigh et al., 2010). However, since most protests do not escalate to armed conflict,

naïvely adding protest data to machine-learning models does not necessarily yield good

results.1 To succeed in our forecasting task, we need theory to identify which protests

have the potential to lead to armed conflict violence.2 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 theoretical

work on how protests are related to armed conflict and identify three broad theoretical

explanations as the basis for our forecasting models. The first theoretical explanation

underlines how protest-repression dynamics can pave the way for a violent trajectory.

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. From a theoretical

perspective, protests that turn violent in poor, non-democratic regimes increase armed

conflict risk, especially around election times.

We operationalize the theoretical explanations and leverage the tools developed in

ViEWS (the political Violence Early-Warning System, Hegre et al., 2019) to evaluate
1See Hegre et al. (2019) for an attempt with limited success.
2For a discussion of the importance of theory for conflict forecasting, see Goldstone et al. (2010);

Ward, Greenhill and Bakke (2010); Chiba and Gleditsch (2017); Cederman and Weidmann (2017); Blair
and Sambanis (2020).
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whether protest models improve predictions of where and when intrastate armed con-

flict violence occurs. 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. A

suite of predictive performance metrics is used to evaluate predictions, including average

precision, the area under the ROC curve, and Brier scores. Further, we make extensive

use of visualization tools to analyze the forecasts.

The empirical evidence shows that the forecasting models that include information

on protest activity substantially improve intrastate armed conflict incidence and onset

predictions compared to baseline models that account for conflict history only. The results

also show that model specifications that unpack protest-repression dynamics are better

than theoretically naïve models, which treat all protests equally. There is also ample

evidence that the institutional and economic context matters for the relationship between

protest to armed conflict. Thus, empirical models that combine information on both

protest-repression dynamics and political institutions or economic development perform

notably better than models that consider these factors separately.

Overall, the paper contributes to peace and conflict research by marrying innovations

in theory, data collection, 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 and Ward, 2016;

Witmer et al., 2017; Hegre et al., 2017a). However, most existing forecasting models rely

on slow-moving ‘structural’ factors, such as income or political institutions, to generate

forecasts.3 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 occur.

Identifying the location and timing of violence in high-risk countries is crucial for conflict

mitigation and prevention. Our approach shows that predictive performance at the local
3Among the exceptions, see Chiba and Gleditsch (2017) and Ward and Beger (2017).
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level can be improved by combining structural factors with event data (Chadefaux, 2014;

Chiba and Gleditsch, 2017; Ward and Beger, 2017).

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

may also complement the conventional ‘p-value’ framework of hypothesis testing (Ward,

Greenhill and Bakke, 2010; Schrodt, 2014). Without claiming that we test theoretical

arguments in any rigorous meaning of the word, our results show that our three theoretical

explanations help improve the predictive performance of an armed conflict early-warning

system.

Literature Review

Forecasting of armed conflict was high on the agenda in peace research in the 1960s and

70s (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., 2017b, for a review of forecasting in conflict research). The most well-

known armed conflict forecasting models from the latest period (e.g., Goldstone et al.,

2010; Ward, Greenhill and Bakke, 2010; Hegre et al., 2013; Bowlsby et al., 2019) are set

at the country-year level. They are mainly based on static, ‘structural’ variables such as

average income, population size, or a democracy index. A few models provide forecasts at

finer geographic resolutions (e.g. Witmer et al., 2017; Hegre et al., 2019, 2021), and some

at a more precise temporal scale (such as Ward et al., 2013; Ward and Beger, 2017; Blair

and 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

(Ward and Beger, 2017; Bell, 2016a), unrest in general (Chenoweth and Ulfelder, 2017),

or regime change (Morgan, Beger and Glynn, N.d.).

Many, but not all of these forecasting projects forecast the onset of armed conflict,
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typically defined as the first year or month of violence in a country above a given thresh-

old after a given number of years or months below the threshold. Some projects prefer

to forecast the incidence of armed conflict, whether violence is above the threshold irre-

spective of violence levels in the periods just before. Modeling the onset of new conflict

may reveal more new information but is also a more challenging task. Incidence models,

moreover, allow forecasting termination of ongoing conflicts. For forecasts many years

into the future, the difference between the two approaches is less important since most

current conflicts at some point will have ended (Hegre et al., 2013).

A few models forecasting protests have been forwarded (e.g. Gurr and Lichbach, 1986;

Cadena et al., 2015; Chenoweth and Ulfelder, 2017), but there are not many models using

protests to forecast armed conflict. A few studies make use of event data from sources such

as ICEWS to forecast conflict (Ward et al., 2013; Chiba and Gleditsch, 2017; Blair and

Sambanis, 2020) or irregular leader changes/coups (Ward and Beger, 2017), in supplement

of the static variables used in earlier models. The event data going into these models

include information on protests. However, the analyses do not permit distinguishing the

importance of protests from other conflict events, including events that we define as the

dependent variable in our study.

We base the analysis in this paper on the ViEWS system (Hegre et al., 2019), using the

unit of analyses, dependent variables, and setup presented in Hegre et al. (2021). Protest

models are featured in the ViEWS system, but the models we present here are much more

refined and theoretically founded. In particular, the protest models presented in Hegre

et al. (2021) include the history of protest events but do not consider how governments

respond to protest nor any contextual factors.
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From Protest to Armed Conflict: Theoretical Explana-

tions

In the following, we outline theoretical explanations for how protest can lead to armed

conflict. Although many rebel groups engaged in civil wars have their roots in protest

movements or emerged in competition with them (Tilly, 1978), only a minority of protests

escalate to armed conflict (Chenoweth, 2021). Consequently, theoretical explanations

identifying which protests are likely to lead to armed conflict violence are crucial for our

prediction task. In the following sections, we outline three explanations that help us

distinguish protests that increase the risk of armed conflict from protests that do not.

The first focuses on protest and government repression dynamics, while the second and

third highlight how political institutions and economic development shape the relationship

between protest and armed conflict. However, before discussing the theoretical arguments,

we first define armed conflict and protest.

As a prediction target, our focus is on state-based armed conflict, which we define 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 peaceful 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 organized 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 (for a

similar conceptualization, see Bartusevicius and Gleditsch, 2019).

Protest-Repression Dynamics

Protest-repression dynamics influence whether armed conflict emerges in the aftermath

of protests. State repression scholars have investigated how dissent affects repression and
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how repression affects dissent (for overviews, see Davenport, 2007; Earl, 2011; Demeritt,

2016). One key finding is that states respond to dissent with repression. Repressive

measures take the form of civil liberties infringements (e.g., censorship, restrictions on

the freedom of speech, movement, or organization) or physical integrity violations (e.g.,

torture, imprisonment without a fair trial, extrajudicial execution, and mass killing).

However, the form and intensity of repression largely depend on the dissent: Violent

rioters and peaceful protesters typically elicit different government responses.

While research has uncovered a fairly robust relationship between dissent and re-

pression (but see Ritter and Conrad, 2016), the impact of repression on dissent is more

uncertain. As Carey (2006, p. 1) points out, there is empirical support for “almost every

possible relationship between protest and repression”. For example, some scholars show

that repression discourages dissent (McAdam, 1982; White, 1993; Pierskalla, 2010a), while

others report that repression encourages it (Francisco, 1995, 1996; Sutton, Butcher and

Svensson, 2014; Hultquist, 2017). Others show that moderate-intensity repression fuels

dissent while high-intensity repression deters dissent (Hibbs, 1973; Mueller, 1990). More-

over, others find that repression leads to the substitution of dissenters’ strategies (Moore,

1998) or has heterogeneous effects over time Rasler (1996); Finkel (2015).

Despite the diverging empirical findings, there are strong reasons to expect that vi-

olent, and often indiscriminate, state repression of protests can lead to armed conflict.

The theoretical mechanisms leading from protest to armed conflict violence focus both on

rational and emotive processes. From a rationalist perspective, repression increases the

costs of the protests (Lichbach, 1987; Pierskalla, 2010b). Even when benefits beyond those

of participating in protests are high, a violent crackdown may increase the uncertainty of

success. Therefore, repression may convince citizens that the costs of protests are too high

and that violent rebellion is the only way forward. An escalation from peaceful protests

to armed conflict is likely to be gradual. Protesters expand their nonviolent and violent

tactical repertoire (e.g. strikes, street demonstrations, property damage, attacks on se-

curity forces) by observing failures and successes in interaction with government actors
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(e.g. security forces, government officials Tilly, 1978). Similarly, the government adapts

its approach depending on protesters’ tactics and the social actors engaged in protests.

Della Porta and Diani (2020) shows 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 the risks associated with taking to

the streets. For example, a Libyan rebel during the Arab Spring remarked that while

the prospects for political reform were uncertain, “we knew that our attempts to try

would be hard and bloody” (Pearlman, 2013, p. 389). Emotions such as anger, revenge,

contempt, and distrust towards the government can lead people to join or support armed

rebellion (Van Zomeren, Postmes and Spears, 2008; McCullough, Kurzban and Tabak,

2013; Bartusevicius, van Leeuwen and Petersen, 2020). These mobilizing emotions can

be triggered and fueled by violent repression of unarmed and peaceful protesters, which

tends to be perceived as unfair and consequently undermines the moral legitimacy of the

government (Wood, 2003; Kalyvas, 2006; White, 1989). They are powerful motivators

of action and affect how people prioritize their interests and process information. For

example, anger at the government and a desire for revenge may lead citizens to rebel at

the expense of going to work. Anger and revenge also propel people to take larger risks

and attack their opponents, increasing the risk of further violence.

In sum, rational and affective theoretical mechanisms link protest-repression dynamics

to support for violence. Consequently, our ability to predict armed conflict should im-

prove by distinguishing between peaceful and violent protests and unpacking repressive

government responses. The discussion yields the following empirical expectation:

E1: Compared to empirical models with information on protests that ignore the level

of violence, models with information on protest-repression dynamics improve predictions

of subnational armed conflict onset and incidence.
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Political institutions

Existing research shows that 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; Acemoglu, 2006; Fearon,

2004). 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 by protesters and security forces. 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 can

also influence politics through institutional channels.

A cornerstone of autocratic rule is to preemptively quell emerging social movements

and rebel groups through structural repression, especially restrictions on civil rights and

liberties such as organizational freedom and free speech. However, structural repression

often fails, and autocracies are highly prone to armed conflict (Gleditsch and Ruggeri,

2010; Bartusevičius and Skaaning, 2018). When protest occurs in autocracies, it is likely

to be a strong signal of potential armed conflict. First and foremost, the fact that protest

occurs despite the high risk of government repression indicates radical discontent with the

autocratic regime. Second, the chances of an escalating spiral of violence, as described

in the previous section, are high when a lack of formal constraints on violent repression

is combined with committed protesters, especially when strong organizations to support

protesters are absent (Sutton, Butcher and Svensson, 2014; Ives and Lewis, 2020).

There are reasons to expect that some non-democratic regimes are more prone to

violent protest trajectories than others. Anocracies, a regime type that allows the political

opposition to organize and compete for office but lacks effective institutional mechanisms
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to incorporate the opposition, are vulnerable to both protest and armed conflict (Muller

and Weede, 1990; Hegre et al., 2001; Fjelde, 2010; Cederman, Hug and Krebs, 2010;

Cederman, Gleditsch and Hug, 2013; Robertson, 2010).4 Elections often trigger protest

and violence in these regimes (Birch, Daxecker and Höglund, 2020). Regimes often engage

in fraud and repression, such as ballot-box stuffing, exclusion of opposition candidates,

and voter intimidation to avoid losing elections (Levitsky and Way, 2010; Hafner-Burton,

Hyde and 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 voters’ (Kuntz and Thompson,

2009, p. 258, see also Tucker (2007)). Moreover, these dynamics often take place in

countries where violent groups that can be mobilized already exist (Birch, Daxecker and

Höglund, 2020). Protest during elections, especially in non-democracies, can therefore be

a powerful signal of future armed violence.

In sum, compared with democracies, popular protest in autocracies is a stronger early

warning signal for armed conflict. Protests around elections should also improve predictive

performance by signaling an increased risk of armed conflict, especially in non-democratic

settings. This yields:

E2: Protest models that account for political institutions (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 based on extant research. Economic development refers to how services, manu-

facturing, and human and financial capital are more critical economic input factors than

agricultural land and natural resources. Four key findings underpin our theoretical ex-
4‘Anocracies’ are also called semi-democracies, hybrid regimes, or competitive authoritarian regimes.
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pectation concerning economic development. First, armed conflict is much less likely

in high-income countries in general, independently of protests (Fearon and Laitin, 2003;

Collier, Hoeffler and Rohner, 2009; Boix, 2008). Second, to maintain a developed econ-

omy, education and pre-existing civil society organizations are typically necessary. These

factors strengthen opposition groups, helping them to coordinate mobilization. In turn,

the impact and efficiency of protests increase, and, given a commitment to non-violence

among organizers, minimize violence and rioting on the protester side, all of this reducing

the risk of escalation into violence (Putnam, 1988; Chenoweth and Stephan, 2011).

Third, other aspects of economic development, such as dense economic networks that

would be curtailed by widespread organized violence, or substantial importance of civil

society organizations such as labor unions, help constrain the government from using

heavy-handed repression and other use of violence (Hegre, Bernhard and Teorell, 2020).

In developed economies, any political conflict is less likely to turn into armed conflicts since

states are more capable and economic incentives to use violence are much weaker (Boix,

2008; Collier, Hoeffler and Rohner, 2009; Fearon and Laitin, 2003; Hegre, 2015). Although

development may not hinder governments in violent repression, protest dynamics are less

likely to escalate into armed conflict in highly developed contexts.

Finally, economic development may help insulate non-violent opposition to govern-

ments from opportunistic violence by third-party actors. Governments in economically

developed countries are typically stronger militarily and have better organization and in-

telligence services (Fearon and Laitin, 2003; Kocher, 2004). As governments and protesters

often have a joint interest in marginalizing violent groups, strong governments and the

other development-related mechanisms reviewed above help prevent violent groups from

exploiting the legitimacy challenges 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.
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E3: Protest models that account for economic development improve predictions of sub-

national armed conflict onset and incidence compared 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 corresponding to

approximately 55 x 55 kilometers at the Equator (Tollefsen, Strand and Buhaug, 2012).5

Our dependent variables are the incidence and onset of state-based armed conflict. We

use data from the UCDP Georeferenced Event Dataset (UCDP GED) v.20.1 (Pettersson

and Öberg, 2020; Croicu and Sundberg, 2015), and aggregate the events coded as ‘state-

based’ to the pgm level. The data cover the period 1989–2019. Given the high level of

spatial disaggregation, 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 6 months have passed since violence last occurred in the same cell, 0 if not.6

We rely on the Armed Conflict Location & Event Data Project (ACLED) to opera-

tionalize independent variables measuring protest (Raleigh et al., 2010). We aggregate

counts of protests to the pgm level and normalize them by grid cell population. Normal-

ization 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 intervention, protests with excessive

force against protesters, and protests with violent behavior by demonstrators. These
5A public copy of the ViEWS repository with detailed instructions and information on the system can

be found on https://github.com/UppsalaConflictDataProgram/OpenViEWS2.
6For descriptive statistics of the dependent and independent variables, see Table A-1 in Appendix A.
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categories separate protest with and without violence, the intensity of violence, and the

actors involved. Peaceful protests are events with no violence by protesters, state secu-

rity 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. In contrast, events

with excessive use of force equal lethal interventions. The final category, riots, identifies

events with violent protesters.7 Following our theoretical discussion, we expect empirical

models that distinguish violent from peaceful protests to improve predictions relative to

models that do not. In addition to capturing local protest, we also aggregate the number

of protest events to the country level using the ViEWS country ids, which rely on coun-

tries defined by CShapes (Weidmann, Dorussen and Gleditsch, 2010) and normalize them

by country population.

We perform several transformations to 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. In addition, we include a one-month

lag of protest. Further, we capture the cumulative effect of consecutive protest events 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 nearest 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 section, protest and state-

based armed conflict are distinguishable at a conceptual level. Armed conflict involves

the organized use of armed force by rebels, whereas protests are primarily non-violent.
7We 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 (e.g., Nam, 2006). Nonetheless, we believe
the armed conflict and protest data available to us is suitable for the article’s prediction task.
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Note that protest repression also 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 neighboring countries.8 There is some spatial overlap between conflict and protest.

However, a closer look reveals that protest events are concentrated in urban areas, such as

Addis Abeba, while armed conflict is more prevalent in Eastern Ethiopia. Moreover, while

there is a considerable amount of peaceful protest and even riots in South-West 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 predictive performance compared to our baseline.

In sum, the conceptual discussion and empirical evidence presented in the paper should

eliminate concerns that we are merely predicting conflict using more extensive conflict

history data.

To evaluate how contextual factors and their interplay with protest affect armed con-

flict (E2 and E3), we include indicators for political institutions and economic develop-

ment 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 Gover-

nance (REIGN) datasets (Coppedge et al., 2020; Bell, 2016b).9 The variables measure

level of electoral democracy, civil liberties, the number of months since the last elections

took place, and whether an election is scheduled for the coming six months. Finally, we

use data on economic development from WorldBank (2019) and Tollefsen, Strand and

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,
8See Figure A-1 for maps illustrating the recent history of the different types of events for the entire

continent.
9V-Dem provides annual data, and we lag all variables by one year to ensure that we do not include

any information from the future.
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(a) State-based incidence (b) State-based onset (c) Peaceful protest

(d) Protest events with
excessive violence against
protesters

(e) Protest events with inter-
ventions (f) Riots

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 3 years.

infant mortality rate, urban area, and agricultural area at the grid cell level.

Model Specifications and Comparisons We define three sets of empirical models

based on the theoretical explanations, summarized in Table 1. Our interest lies in pre-

dicting incidence and onset, and we test all the models for both outcomes, resulting in

18 models, nine for each outcome. We compare all models to a baseline model (M0).

A good benchmark model reflects the best possible model that a researcher can specify

independent of the theoretical argument. A recommended approach is only to include

information that stems from the prediction outcome (Cranmer and Desmarais, 2017).

Accordingly, our baseline model includes variables measuring conflict history. Research

has shown that conflict history models are difficult to outperform (Ward, Greenhill and

Bakke, 2010; Hegre et al., 2019), making this it a tough baseline model to beat.

The first set of models focuses on protest-repression dynamics (M1-M3). Here, we eval-

uate whether information on recent protest enhances predictive performance compared to
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the baseline model and whether distinguishing between protest with and without violence

further improves armed conflict predictions (E1). We first specify a naïve protest model

(M1) that includes protest counts and the temporal and spatial transformations of protest

information without considering the role of violence by security forces or protesters.10 We

compare the predictive performance of this naïve protest model with two models that

differentiate between peaceful protests, protest with low-level intervention, and exces-

sive violence by the government or violence by demonstrators. A local protest-repression

dynamics model contains this information on the pgm level (M2). We also specify a na-

tional protest-repression dynamics model that includes protest variables aggregated to

the country level (M3).

Looking at how information on political institutions and protest may improve conflict

predictions (E2), the second set of models includes measures of electoral democracy (M4),

civil liberties (M5), and elections (M6), in addition to the protest variables. Models that

include protest and political institutions variables should outperform models with only

protest or political institution variables. Moreover, information on recent and anticipated

elections should boost the predictive accuracy of models with protest variables compared

to models with only protest or election variables. We also specify a model that uses ‘excess

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 the residuals from a fitted negative

binomial regression model with the count of protest with excessive violence events as the

dependent variables as a proxy for an unexpected amount of protests.11

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

national and sub-national levels (E3). The first economic development model includes

variables measuring GDP per capita, growth, and unemployment (M8), whereas the sec-

ond also incorporates information on gross cell product per capita, local infant mortality
10This model is similar to the current protest model in ViEWS (Hegre et al., 2019).
11The results for the protest count model is reported in Table A-2.
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Long name Description Features Empirical
expecta-
tion

Baseline model
(M0)

Conflict data at the
sub-national level

Count of armed conflict events in grid cell, count 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

Naive protest
model (M1)

Protest data at the
sub-national level

M0 + 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, 6 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, 6 months halflife)
distance to the nearest protest event in the last three months

Local protest-
repression dy-
namics model
(M2)

Differentiation be-
tween violent and
non-violent protests
at the sub-national
level

M0 + Same indicators as M1, but disaggregated to the fol-
lowing 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

E1

National protest-
repression dy-
namics model
(M3)

Differentiation be-
tween violent and
non-violent protests
at the sub-national
and national level

M0 + M2 + Count of protest last month in country, cumula-
tive count of protests last three months in country, time since
protest in country (decay, 6 months halflife) for each of the
protest categories

E1

Political institu-
tions I: Electoral
democracy (M4)

Includes information
on level of democracy

M0 + M3 + electoral democracy index (lagged by 12m) E2

Political institu-
tions II: Civil lib-
erties (M5)

Includes information
on civil liberties

M0 + M4 + civil liberties (lagged by 12m) index and sub-
national differences in civil liberties index (lagged by 12m)

E2

Political institu-
tions III: Elec-
tions (M6)

Includes information
on recent and planned
elections

M0 + M5 + months since last election and dichotomous indi-
cator of anticipated election in next six months

E2

Political institu-
tions IV: Excess
protest specifica-
tion (M7)

Includes the residuals
and predicted values
of protest

M0 + M3 + residuals and predicted values from negative bi-
nomial regression of protest

E2

Economic devel-
opment I: Coun-
try level (M8)

Includes information
on economic develop-
ment at the national
level

M0 + M3 + GDP per capita, GDP per capita growth, and
total unemployment

E3

Economic de-
velopment II:
Sub-national
level (M9)

Includes information
on economic devel-
opment at the sub-
national and national
level

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

E3

Table 1: Overview of model specifications.
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rate, and urban/agricultural area in grid cells. E3 stipulates that models combining in-

formation on protest and economic development outperform models with only protest or

economic development variables.

Estimation We use the random forest classifier (Breiman, 2001) to link the predictors

to the outcome. Random forest models have been very successful for forecasting purposes

(Colaresi and Mahmood, 2017; Hegre et al., 2019), 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 proce-

dures to avoid overfitting. Interactions between independent variables are picked up by

the algorithm through the recursive structure of building the trees. As is the case with all

flexible machine-learning models, interpreting random-forest model results can be chal-

lenging. We overcome this challenge by discussing ‘individual conditional expectation’

(ICE) and partial dependence plots. The only hyper-parameter of decisive importance

is the number of trees. Our models were trained with 500 trees, which is sufficient to

stabilize results. Since the algorithm is computationally intensive with a large number of

trees, we ‘asymmetrically’ downsample, i.e., keep all conflict outcomes but sample 1% of

all non-conflict observations.

We predict for all months from January 2017 to December 2019 with a calibration

window from January 2014 to December 2016. Following the setup of ViEWS (Hegre

et al., 2021, 601), we train separate models for different forecasting horizons – below, we

show results for predictions s ∈ [3, 6, 12, 36] months into the future. Our training data

start in January 1997 (the first year for which we have ACLED protest data) and up to

s months before the prediction applies.

Evaluation We train a set of models that incrementally add features as specified in

Table 1. This approach enables us to evaluate changes in predictive performance when

adding variables as suggested by the supporting theoretical arguments (cf. our empirical
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implications E1, E2, and E3 above). To compare the out-of-sample predictive perfor-

mance 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 and Desmarais, 2017).12

By not considering the true negatives, the score rewards models that predict conflicts

rather than the absence of conflict. While our primary focus is on AP scores, we also

report the area under the receiver operator curve (AUROC) and Brier scores. Compared

to AP and AUROC, which measure 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 more extensively, we

compute and compare the percentile bootstrapped confidence intervals by drawing 1000

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 visualization tools such as maps

and PDP/ICE plots to analyze the predictions.

Results

Table 2 presents the performance of the baseline model (M0) for conflict incidence in AP,

AUROC, and Brier scores. At time step 3, AP is 0.196 and AUROC is 0.926, and Brier

0.0056. 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 50% better than the baseline

model we use here. Predictive performance decreases over time, indicating a higher level

of uncertainty as we move the prediction task further into the future.
12The average precision scores, here computed with scikit-learn, correspond to the results for the Area

under Precision-Recall Curve (AUC-PR) Pedregosa et al. (2011).
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Step AP AUROC Brier

3 0.196 0.926 0.0056
6 0.194 0.916 0.0056
12 0.159 0.887 0.0057
36 0.095 0.816 0.006

Table 2: AP, AUROC and Brier scores for the baseline model (M0) for conflict incidence
in the period 2017–2019.

Evaluation: Incidence

We now turn to a rigorous evaluation of our models’ predictive performance. Our hy-

potheses specify that including data on protest-repression dynamics on its own (E1) and

together with data on political institutions (E2) and economic development (E3) system-

atically improves armed conflict prediction. Figure 2 reports the AP, AUROC, and Brier

scores for the baseline model (M0), naive model (M1), and the protest-repression dynam-

ics model (M2) when predicting 3, 6, 12, and 36 months into the future, in the form of

a parallel coordinates plot.13 The y-axis shows the performance on these metrics. Along

the horizontal axis, we show results for the four steps forward (s ∈ [3, 6, 12, 36]), and the

three metrics for each step.14 The figure provides three basic insights. First, we can see

that model performance drops as we attempt to predict further into the future. Second,

as expected, we can see differences in the performance of models M0, M1, and M2. The

figure shows that the naïve protest model barely outperforms the baseline model for all

metrics except AP in months six and Brier in months 12. The difference in AP score is

notable across time, 0.248 vs. 0.196 (3 months) and 0.115 vs. 0.095 (36 months). The

results provide initial evidence that empirical models with information on recent protest

improve armed conflict predictions.

There is also a clear and consistent difference in predictive performance between the

naïve protest model and the protest-repression models across metrics and time. Notably,
13The evaluation statistics for M1-M9 as well as the models without information on protest-repression

dynamics are presented in detail in Table A-3 and A-4 in Appendix B.
14Note 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.
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Figure 2: Performance metrics for armed conflict incidence: AP, AUROC and Brier scores
for M0, M1, and M2 at steps 3, 6, 12, 36.

AP scores are 0.256 vs. 0.248 (3 months) and 0.136 vs. 0.115 (36 months). These

results provide evidence in favor of E1: An empirical model with information on recent

protests incorporating protest-repression dynamics improves predictions compared to a

naive protest model. The improvement from 0.196 (M0) to 0.256 (M2) is substantial:

On average, across all possible thresholds, the proportion of positive predictions that are

correct increases by 25%, from 19.6% to 25.6%.15

In Figure 2, we saw that predictive performance increases when information on protest

is added to a baseline model that takes conflict history into account. In Figures 3, 4, and

5, we test our expectations E1–E3 in a more rigorous manner. Each plot in the figures

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 1000 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 1000 bootstrapped AP metrics.

Figure 3a compares the naïve protest model M1 to the baseline M0. A positive differ-
15These preliminary findings are robust to training and evaluating the models based on a time-

partitioning accounting for potential dynamics related to the Arab spring. For more details consult
Appendix D. See Figure A-9 for a visualisation of the performance metrics Tables A-7 and ?? for the
evaluation statistics for M1-M9.
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(a) Naïve protest model
(M1) vs. baseline (M0)

(b) Local protest-repression
dynamics (M2) vs. naïve
protest model (M1)

(c) National protest-
repression dynamics (M3)
vs. naïve protest model
(M1)

Figure 3: Testing E1: Difference of bootstrapped AP scores for armed conflict incidence.
See Table 1 for model details.

ence in AP indicates that M1 outperforms M0. The plot shows that adding information

on protests to the baseline increases AP predictive performance across time steps for three

out of four steps. Overall, this shows that empirical models with information on recent

protest improve armed conflict predictions. Figures 3b and 3c display the same compari-

son 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 naïve protest model. The confidence intervals overlap

0 minimally at step 3.16

We specify two comparison models to test the impact of adding information on politi-

cal institutions (E2) and economic development (E3). As discussed in the research design,

E2 and E3 suggest that models that include protest and political institutions/economic

development variables should outperform models with only protest or political institu-

tions/economic development. We, therefore, first compare the protest-repression dynam-

ics 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 per-
16The findings are robust to a re-defined partitioning set-up as visualised in Figure A-10 in Appendix

D.
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formance due to the interplay of protest and political institutions/economic development

from differences merely due to adding institutional and developmental features to the

models. The results are displayed in Figures 4 (E2) and 5 (E3). When comparing M4 and

M5 to the similar models without protest data, the improvements in average precision

are even stronger than we noted for M2 versus M0, with average precision increasing by

approximately 0.08 for step 3 for M4 and 0.07 for M5.

In Figures 4a–4d, we see that adding features for electoral democracy (M4), civil

liberties (M5), and elections (M6) to the protest-repression dynamics model (M2) do not

systematically improve predictions, with differences in AP not different from zero for most

steps. The excess protest model (M7), however, clearly improves predictive performance

relative to M2. The results indicate that while political-institutional features can improve

protest models, there is significant variation between model specifications. The bottom

row (Figures 4e-4h), on the other hand, shows that the performance of all these four

models is much better than similar models where all protest features are removed from

the specification. It is clear that data on protests improve performance relative to models

that only contain the static institutional features, in support of E2.17

In Figure 5, we plot similar results for empirical expectation E3. It shows that com-

bining protest with economic development features improves predictive performance. The

results are more consistent for the national-level economic development model (M8) than

for the corresponding local development model (M9), but all the comparisons indicate

support for E3.18

How do our model specifications change sub-national armed conflict predictions?19 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
17Results from a robustness test in which we shifted the time period for prediction are presented in

Appendix D. These lend more support for the inclusion of features for civil liberties (M4) and elections
(M6), and further underline the importance of incorporating protest features.

18Further evidence for E3 is found in Appendix D.
19In addition to the mapped prediction we discuss in the main article text, we investigate how sub-

national armed conflict predictions differ across models by discussing bi-separation plots, see Figure A-3
in the Appendix.
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(a) Electoral democ-
racy (M4) vs. M2

(b) Civil liberties
(M5) vs. M2

(c) Elections (M6) vs.
M2

(d) Excessive protests
(M7) vs. M2

(e) Electoral democ-
racy (M4) vs. M4 w/o
protest

(f) Civil liberties (M5)
vs. M5 without
protest

(g) Elections (M6) vs.
M6 without protest

(h) Excess protest
(M7) vs. M7 without
protest

Figure 4: Testing E2: Difference of bootstrapped AP scores for armed conflict incidence.
See Table 1 for model details.

three months into the future. Figure 6a also marks with black triangles the actual locations

of conflict events in that month. The baseline model shows high probabilities in conflict-

ridden areas, such as Somalia, but does not always get the exact locations right. Also,

note that the model misses conflict events (false negatives) at the Southern borders of

South Sudan, conflict events near Gaalkacyo at the Puntland/Somalia border, and near

Lamu in Kenya.

Figures 6b-6d map the difference in predicted probabilities for three of our protest

models compared to the baseline.20 As Figure 6b shows, the local protest-repression

model adjusts the predicted probability in these areas upwards in the right locations –

only one grid cell with actual conflict receives lower predicted probability than the baseline

model. The protest model yields considerably higher predicted probability for all the false

negatives noted above. These improvements are even more clear in Figures 6c and 6d. In
20The prediction maps of the differences in predicted probability between the baseline and all protest

models for March 2017 for Africa are reported in Figure A-4 in Appendix B.
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(a) Economic develop-
ment I (M8) vs. M2

(b) Economic devel-
opment II (M9) vs.
M2

(c) M8 vs. M8 with-
out protest

(d) M9 vs. M9 with-
out protests

Figure 5: Testing E3: Difference of bootstrapped AP scores for armed conflict incidence.
See Table 1 for model details.

particular, the political institutions model improves performance in South Sudan, whereas

the development model strenghtens 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 areas around the

Southern border of South Sudan, around Mogadishu and Lamu, all saw peaceful protests

in 2016, and Gaalkacyo was the site of heavily repressed protests late in 2016. In otherwise

low-risk areas such as Western Kenya, the protest models do not alter predictions much.

The most substantial contribution to false positives is seen in the Oromia region, where

widespread protests were typically countered with excessive use of violence.21

Our theoretical expectations suggest that adding information on protest-repression

dynamics, political institutions, and economic development improves predictive perfor-

mance. Our results have provided evidence in favor of these. Theory also suggests how

features impact armed conflict, such as violent protests, increase conflict probability. In

Figure 7, we take a closer look at the direction of effects in the centered ICE/partial

dependence plots (PD) 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
21In 2019 and 2020, however, violence between the Oromia Liberation Army and Ethiopia resurfaced

again, clearly triggered by the repression.
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(a) Baseline (M0) (b) Local protest-repression dynamics (M2)

(c) Political institutions III: Elections (M6) (d) Economic development I: Sub-national
level violence (M9)

(e) Peaceful protest (f) Protest events with excessive violence
against protesters

Figure 6: Plots a-d: Differences in predicted probability between baseline and protest
models for March 2017 (step=3). The black triangles indicate where an actual conflict
event was observed (based on a window of 6 months). Plots e-f: Decay maps illustrating
the recent history (as of December 2016) of protest. 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 3 years.
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constant; the ICE lines display instances separately.22 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 zero indicates no

recent protest, a one 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. However, the plots clearly show that the uncertainty is lower

for protests met with excessive force or low-level intervention by state security forces

than peaceful/violent protests. Overall, the patterns in Figure 7 are consistent with the

theoretical arguments linking protest-repression dynamics to armed conflict.

Evaluation: Onset

We perform the same tests for armed conflict onset. If protest systematically precipitates

the start or recurrence of armed conflict, including protest information in our models

should improve onset predictions. Overall, the results are similar to the incidence re-

sults.23 However, uncertainty is larger than in the incidence evaluation. The considerable

uncertainty is likely due to the low number of armed conflict onsets in the evaluation pe-

riod. The results indicate that the baseline model performs better than the naïve protest

model. AP scores for the baseline model are higher for three out of four steps. However,

the local and national protest-repression models still outperform the naïve model in three

out of four steps. In combination with the incidence results, however, evidence in favor

of E1 is strong. We also find further support for E2 and E3 in the onset evaluation.

The interplay between protest and political institutions/economic development improves

predictive accuracy in most models and time steps. In sum, the results illustrate the

importance of building armed conflict forecasting models on solid theoretical foundations.
22Note 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.
23Detailed results for the onset evaluation can be found in Appendix C.
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(a) Decay of time since protest with
excessive force

(b) Decay of time since protest with
low-level intervention

(c) Decay of time since peaceful protest (d) Decay of time since protest with
violent demonstrators

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)
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Conclusion

Forecasting has entered the mainstream in peace and conflict studies, and policymakers are

increasingly interested in conflict early-warning systems. In this paper, 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. 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 institutions, and economic development, then guided how we specified

our forecasting models.

To test whether data on protest improves armed conflict forecasting, we used ran-

dom forest algorithms to generate sub-national predictions of state-based armed conflict

in Africa. Our empirical analysis showed that the theoretically informed models outper-

formed a baseline model that captured conflict history and a näive protest model which

treated all protests equally. The evidence also indicates that models which combine infor-

mation on protest dynamics and the political/economic context in which protests occur

outperform models that incorporate these aspects separately.

Our paper 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 timing of violence is needed to prevent and mitigate violence. 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. Research teams and decision-makers need to jointly

leverage theory, data, and predictive methods to improve existing systems and develop
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potent new ones.
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Appendix A: Research design

count mean std min max

ged_dummy_sb 2946852.000 0.004 0.061 0.000 1.000
ged_dummy_sb_onset 2946852.000 0.001 0.038 0.000 1.000
acled_count_pr 2946852.000 0.014 0.304 0.000 145.000
acled_count_prex 2946852.000 0.001 0.000 0.000 18.000
acled_count_prpe 2946852.000 0.012 0.000 0.000 130.000
acled_count_prin 2946852.000 0.002 0.000 0.000 18.000
acled_count_prri 2946852.000 0.004 0.000 0.000 40.000

Table A-1: Descriptive statistics of the dependent and independent variables for January
2017 to December 2019.

Generalized Linear Model Regression Results
==============================================================================
Dep. Variable: acled_count_prex No. Observations: 2946852
Model: GLM Df Residuals: 2946840
Model Family: NegativeBinomial Df Model: 11
Link Function: log Scale: 1.0000
Method: IRLS Log-Likelihood: -11802.
Date: Fri, 01 Oct 2021 Deviance: 19391.
Time: 10:15:28 Pearson chi2: 3.09e+06
No. Iterations: 34
Covariance Type: nonrobust
========================================================================================================

coef std err z P>|z| [0.025 0.975]
--------------------------------------------------------------------------------------------------------
Intercept -7.8508 0.068 -115.248 0.000 -7.984 -7.717
tlag_12_vdem_v2x_polyarchy 2.4238 0.325 7.453 0.000 1.786 3.061
tlag_12_vdem_v2x_civlib -1.8319 0.248 -7.378 0.000 -2.318 -1.345
ln_tlag_1_acled_count_prpe 1.5696 0.054 29.160 0.000 1.464 1.675
ln_tlag_1_acled_count_prex 2.9713 0.090 33.043 0.000 2.795 3.148
ln_tlag_1_ged_best_sb 0.3805 0.053 7.151 0.000 0.276 0.485
ln_tlag_1_ged_best_os 0.3222 0.060 5.359 0.000 0.204 0.440
ln_tlag_1_splag_1_1_ged_best_sb 0.3763 0.037 10.127 0.000 0.303 0.449
ln_tlag_1_splag_1_1_ged_best_os -0.3637 0.058 -6.253 0.000 -0.478 -0.250
ln_tlag_1_splag_1_2_acled_count_prpe 0.4396 0.035 12.394 0.000 0.370 0.509
ln_tlag_1_splag_1_2_acled_count_prex 1.0718 0.061 17.663 0.000 0.953 1.191
pgd_pop_gpw_sum 3.195e-07 1.32e-08 24.179 0.000 2.94e-07 3.45e-07
========================================================================================================

Table A-2: Estimation results, negative binomial model for Model M7.
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(a) State-based incidence (b) State-based onset

(c) Peaceful protest (d) Protest events with excessive vio-
lence against protesters

(e) Protest events with interventions (f) Riots

Figure A-1: Decay maps for Africa illustrating the recent history (as of December 2016)
of 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 3 years.
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Appendix B: Evaluation of conflict incidence models

Evaluation statistics

Model AP AUROC
3 6 12 36 3 6 12 36

M0 0.196 0.194 0.159 0.095 0.926 0.916 0.887 0.816
M1 0.248 0.190 0.177 0.115 0.932 0.922 0.894 0.829
M2 0.256 0.217 0.205 0.136 0.939 0.929 0.905 0.853
M3 0.259 0.227 0.214 0.135 0.941 0.932 0.910 0.865
M4 0.263 0.216 0.202 0.111 0.946 0.938 0.920 0.881
M4 w/o pr 0.163 0.136 0.115 0.072 0.926 0.922 0.889 0.801
M5 0.253 0.233 0.209 0.143 0.947 0.940 0.921 0.882
M5 w/o pr 0.165 0.159 0.119 0.076 0.935 0.922 0.887 0.829
M6 0.247 0.228 0.197 0.133 0.946 0.939 0.919 0.882
M6 w/o pr 0.222 0.168 0.131 0.084 0.933 0.920 0.887 0.855
M7 0.267 0.260 0.222 0.154 0.946 0.937 0.914 0.873
M7 w/o pr 0.222 0.203 0.163 0.116 0.932 0.922 0.889 0.831
M8 0.255 0.231 0.211 0.143 0.948 0.940 0.919 0.878
M8 w/o pr 0.207 0.185 0.130 0.094 0.941 0.937 0.918 0.855
M9 0.280 0.262 0.217 0.167 0.950 0.944 0.923 0.884
M9 w/o pr 0.273 0.241 0.204 0.168 0.945 0.940 0.921 0.880
M6M8 0.250 0.250 0.211 0.132 0.947 0.942 0.926 0.887
M6M8 w/o pr 0.228 0.183 0.152 0.099 0.935 0.927 0.901 0.867
M6M9 0.293 0.268 0.231 0.176 0.952 0.947 0.931 0.894
M6M9 w/o pr 0.282 0.235 0.209 0.149 0.948 0.941 0.923 0.888
M7M8 0.263 0.242 0.210 0.153 0.948 0.944 0.926 0.883
M7M8 w/o pr 0.292 0.237 0.167 0.134 0.945 0.934 0.912 0.861
M7M9 0.272 0.240 0.246 0.168 0.952 0.946 0.928 0.897
M7M9 w/o pr 0.298 0.282 0.233 0.173 0.951 0.942 0.923 0.875

Table A-3: Average precision score (AP) and area under the receiver operator curve
(AUROC), incidence models, test partition (2017-2019), steps 3, 6, 12, 36.
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Model Brier
3 6 12 36

M0 0.00563 0.00560 0.00574 0.00600
M1 0.00557 0.00559 0.00575 0.00589
M2 0.00524 0.00544 0.00548 0.00569
M3 0.00527 0.00537 0.00547 0.00574
M4 0.00526 0.00538 0.00540 0.00578
M4 w/o pr 0.00577 0.00590 0.00593 0.00606
M5 0.00523 0.00532 0.00536 0.00577
M5 w/o pr 0.00577 0.00619 0.00621 0.00594
M6 0.00524 0.00530 0.00547 0.00591
M6 w/o pr 0.00544 0.00567 0.00595 0.00590
M7 0.00520 0.00520 0.00539 0.00567
M7 w/o pr 0.00596 0.00614 0.00614 0.00607
M8 0.00518 0.00535 0.00539 0.00576
M8 w/o pr 0.00598 0.00594 0.00698 0.00595
M9 0.00514 0.00522 0.00544 0.00566
M9 w/o pr 0.00525 0.00530 0.00555 0.00558
M6M8 0.00523 0.00523 0.00553 0.00572
M6M8 w/o pr 0.00532 0.00553 0.00569 0.00583
M6M9 0.00503 0.00519 0.00536 0.00566
M6M9 w/o pr 0.00510 0.00529 0.00546 0.00561
M7M8 0.00516 0.00523 0.00542 0.00576
M7M8 w/o pr 0.00527 0.00546 0.00585 0.00573
M7M9 0.00512 0.00525 0.00526 0.00567
M7M9 w/o pr 0.00504 0.00512 0.00535 0.00554

Table A-4: Brier scores, incidence models, test partition (2017-2019), steps 3, 6, 12, 36.
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Precision-recall curves

Figure A-2 display precision recall curves that provide additional information on the dif-
ferences between the models. Each plot shows the ratio of true positives to the sum of true
and false positives (precision) for different thresholds on the y-axis and the ratio of true
positives to the sum of true positives and false negatives (recall) on the x-axis. In other
words, the precision measure gives us information on the percentage of correctly predicted
grid cells with armed conflict incidence while the recall measures the proportion of pre-
dicted grid cells with armed conflict incidence out of all observations that truly experience
armed conflict incidence. Overall, we see that the best models do better at lower levels
of recall before performance converges. When comparing the naïve protest model to the
baseline, convergence occurs at a high recall ≥ 0.6. This result further strengthens the ev-
idence that protest data improves armed conflict prediction. As expected, the differences
are smaller when comparing the naïve model to the local and national protest-repression
models. At the same time, performance converges at a recall ≥ 0.3 when comparing
the national protest-repression and the naïve models. The plots for models including
political institutions and economic development clearly show a large difference between
models including protest data and those that only include structural features. Figure 9d,
for example, shows that there is little difference between our local protest-repression and
electoral democracy model. However, the performance of the electoral democracy model
without protest is very poor compared to the others (convergence at recall ≥ 0.9).
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(a) M0, M1 (b) M1, M2 (c) M1, M3

(d) M2, M4, M4 w/o protest (e) M2, M5, M5 w/o protest (f) M2, M6, M6 w/o protest

(g) M2, M7, M7 w/o protest (h) M2, M8, M8 w/o protest (i) M2, M9, M9 w/o protest

Figure A-2: Precision Recall curves for step 3 for armed conflict incidence.
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Bi-separation plots, all relevant model comparisons

To further investigate how sub-national armed conflict predictions differ across models, we
display bi-separation plots in Figure A-3. The plots shows predictions of conflict incidence
between January and September 2017 for Ethiopia and its neighbouring countries. Bi-
separation plots are useful for singling out individual observations that have been ranked
differently by two models (Colaresi and Mahmood, 2017). Red dots indicate that a grid cell
month experienced conflict while blue dots display peaceful observations. The model on
the y-axis (vertically) shows an improvement over the model on the x-axis (horizontally)
when the red dots are located above the 45°line (to the left) and when the blue dots lie
below the line (to the right). The opposite is the case for an improvements of the model
on the x-axis.

When comparing the naïve model (M1) to the baseline model (M0) in Figure A-3a,
we see a higher number of red dots below the line. This indicates that the baseline model
has sharper predictions for conflict observations. Results presented above has indicated
that M1 outperforms M0 overall, but decreased predictive sharpness for true positives
may be a downside of the model. In Figure A-3b, we see that the local protest-repression
model (M2) does better than the näive model (M0) in this regard. We also see more blue
dots below the line in Figure A-3b, indicating improved ranking of peaceful observations
as well. The bi-separation plot of M2 and the most extensive political institutions model
(M6) in Figure A-3f shows a more balanced picture. The plot mirrors the results above,
indicating that the performance of these models overall is similar. Finally, Figure A-3i
shows a higher concentration of red dots above the 45°line than below the line, supporting
the overall results: the economic models (M8 and M9) improve upon the protest-repression
dynamics model (M2).
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(a) M0, M1 (b) M1, M2 (c) M1, M3

(d) M2, M4 (e) M2, M5 (f) M2, M6

(g) M2, M7 (h) M2, M8 (i) M2, M9

Figure A-3: Bi-separation plots, step= t + 3, January–September 2017 for Ethiopia and
neighbouring countries.
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Prediction maps of differences between baseline and protest mod-
els, all models
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(a) Baseline (b) Naive protest (c) Local protest dynamics

(d) National protest
dynamics

(e) Political institutions I:
Electoral democracy

(f) Political institutions II:
Civil liberties

(g) Political institutions III:
Elections

(h) Political institutions IV:
Deviation

(i) Economic development I:
Country level violence

(j) Economic development I:
Sub-national level
violence

Figure A-4: Differences in predicted probability between baseline and protest models for
March 2017 (step=3). The black triangles indicate where an actual conflict event (based
on a window of 6 months) was observed.
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Appendix C: Evaluation of conflict onset models

Evaluation statistics

Model AP AUROC
3 6 12 36 3 6 12 36

M0 0.021 0.017 0.017 0.011 0.818 0.819 0.793 0.726
M1 0.016 0.019 0.014 0.009 0.831 0.827 0.797 0.741
M2 0.019 0.018 0.017 0.013 0.849 0.841 0.814 0.774
M3 0.019 0.020 0.018 0.013 0.847 0.847 0.823 0.782
M4 0.019 0.020 0.019 0.013 0.862 0.859 0.841 0.809
M4 w/o pr 0.015 0.016 0.014 0.009 0.822 0.834 0.802 0.721
M5 0.019 0.020 0.019 0.013 0.863 0.860 0.846 0.804
M5 w/o pr 0.017 0.017 0.015 0.011 0.841 0.837 0.807 0.741
M6 0.020 0.019 0.019 0.013 0.863 0.862 0.845 0.808
M6 w/o pr 0.017 0.017 0.018 0.010 0.837 0.820 0.801 0.765
M7 0.017 0.019 0.018 0.012 0.856 0.855 0.829 0.794
M7 w/o pr 0.016 0.017 0.014 0.007 0.824 0.825 0.800 0.732
M8 0.020 0.022 0.018 0.013 0.869 0.866 0.848 0.814
M8 w/o pr 0.006 0.006 0.006 0.005 0.686 0.718 0.686 0.612
M9 0.021 0.022 0.019 0.015 0.875 0.872 0.857 0.831
M9 w/o pr 0.023 0.021 0.018 0.014 0.861 0.867 0.844 0.819
M6M8 0.019 0.021 0.019 0.012 0.871 0.867 0.852 0.810
M6M8 w/o pr 0.018 0.019 0.016 0.011 0.843 0.834 0.797 0.783
M6M9 0.019 0.020 0.019 0.013 0.878 0.876 0.860 0.835
M6M9 w/o pr 0.020 0.024 0.020 0.013 0.867 0.869 0.853 0.820
M7M8 0.020 0.021 0.019 0.013 0.871 0.869 0.853 0.812
M7M8 w/o pr 0.018 0.016 0.016 0.013 0.856 0.854 0.834 0.787
M7M9 0.020 0.020 0.019 0.014 0.880 0.876 0.858 0.832
M7M9 w/o pr 0.022 0.020 0.018 0.013 0.877 0.874 0.852 0.814

Table A-5: Average precision score (AP) and area under the receiver operator curve
(AUROC), onset models, test partition (2017-2019), steps 3, 6, 12, 36.
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Model AP AUROC
3 6 12 36 3 6 12 36

M0 0.021 0.017 0.017 0.011 0.818 0.819 0.793 0.726
M1 0.016 0.019 0.014 0.009 0.831 0.827 0.797 0.741
M2 0.019 0.018 0.017 0.013 0.849 0.841 0.814 0.774
M3 0.019 0.020 0.018 0.013 0.847 0.847 0.823 0.782
M4 0.019 0.020 0.019 0.013 0.862 0.859 0.841 0.809
M4 w/o pr 0.015 0.016 0.014 0.009 0.822 0.834 0.802 0.721
M5 0.019 0.020 0.019 0.013 0.863 0.860 0.846 0.804
M5 w/o pr 0.017 0.017 0.015 0.011 0.841 0.837 0.807 0.741
M6 0.020 0.019 0.019 0.013 0.863 0.862 0.845 0.808
M6 w/o pr 0.017 0.017 0.018 0.010 0.837 0.820 0.801 0.765
M7 0.017 0.019 0.018 0.012 0.856 0.855 0.829 0.794
M7 w/o pr 0.016 0.017 0.014 0.007 0.824 0.825 0.800 0.732
M8 0.020 0.022 0.018 0.013 0.869 0.866 0.848 0.814
M8 w/o pr 0.006 0.006 0.006 0.005 0.686 0.718 0.686 0.612
M9 0.021 0.022 0.019 0.015 0.875 0.872 0.857 0.831
M9 w/o pr 0.023 0.021 0.018 0.014 0.861 0.867 0.844 0.819
M6M8 0.019 0.021 0.019 0.012 0.871 0.867 0.852 0.810
M6M8 w/o pr 0.018 0.019 0.016 0.011 0.843 0.834 0.797 0.783
M6M9 0.019 0.020 0.019 0.013 0.878 0.876 0.860 0.835
M6M9 w/o pr 0.020 0.024 0.020 0.013 0.867 0.869 0.853 0.820
M7M8 0.020 0.021 0.019 0.013 0.871 0.869 0.853 0.812
M7M8 w/o pr 0.018 0.016 0.016 0.013 0.856 0.854 0.834 0.787
M7M9 0.020 0.020 0.019 0.014 0.880 0.876 0.858 0.832
M7M9 w/o pr 0.022 0.020 0.018 0.013 0.877 0.874 0.852 0.814

Table A-6: Brier scores, onset models, test partition (2017-2019), steps 3, 6, 12, 36.
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Figure A-5: Performance metrics for armed conflict onset: AP, AUROC and Brier scores
for M0, M1, and M2 at steps 3, 6, 12, 36.

(a) (b) (c)

Figure A-6: Testing E1: Difference of bootstrapped AP scores for armed conflict onset.
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(a) (b) (c)

(d) (e) (f)

(g) (h)

Figure A-7: Testing E2: Difference of bootstrapped AP scores for armed conflict onset.
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(a) (b) (c)

(d)

Figure A-8: Testing E3: Difference of bootstrapped AP scores for armed conflict onset.
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Appendix D: Robustness test for conflict incidence and
onset — alternative data partitioning
In this Appendix, we present the results from a robustness test based on adjusting the
data partitioning to account for potential dynamics related to the Arab spring. The
previously defined time periods were shifted by three years resulting in training the main
set of models up to December 2010, calibrating for the period between January 2011 and
December 2013 and predicting and evaluating for the time between January 2014 and
December 2016.

Evaluation statistics for conflict incidence models, adjusted time
period

Figure A-9 presents the AP, AUROC, and Brier scores for the baseline model (M0),
naive model (M1) and the protest-repression dynamics model (M2) based on the new
time-partitioning discussed above. Comparing these results to the findings in Figure 2,
we can note that the AP and AUROC scores are generally lower while the Brier scores
have improved. M1 slightly outperforms M0 for most of the steps regarding the AP and
AUROC scores but performs worse in terms of Brier scores. The advanced protest model
M2 shows clear improvements over M0 and M1.

Figure A-9: Performance metrics for armed conflict incidence, test partition 2014-2016:
AP, AUROC and Brier scores for M0, M1, and M2 at steps 3, 6, 12, 36.
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Model AP AUROC
3 6 12 36 3 6 12 36

M0 0.155 0.147 0.123 0.077 0.918 0.911 0.895 0.837
M1 0.172 0.156 0.126 0.074 0.919 0.914 0.901 0.841
M2 0.206 0.159 0.141 0.094 0.931 0.923 0.912 0.864
M3 0.206 0.196 0.174 0.110 0.937 0.934 0.923 0.868
M4 0.186 0.169 0.143 0.109 0.944 0.937 0.928 0.884
M4 w/o pr 0.111 0.097 0.076 0.048 0.916 0.906 0.888 0.848
M5 0.203 0.189 0.160 0.103 0.946 0.943 0.935 0.901
M5 w/o pr 0.137 0.110 0.112 0.053 0.933 0.929 0.916 0.881
M6 0.211 0.170 0.175 0.102 0.949 0.943 0.935 0.898
M6 w/o pr 0.130 0.140 0.117 0.071 0.934 0.930 0.923 0.881
M7 0.219 0.195 0.173 0.113 0.941 0.936 0.927 0.887
M7 w/o pr 0.151 0.136 0.132 0.086 0.932 0.924 0.903 0.857
M8 0.219 0.198 0.191 0.136 0.947 0.939 0.930 0.894
M8 w/o pr 0.016 0.015 0.006 0.003 0.684 0.692 0.569 0.318
M9 0.260 0.196 0.223 0.153 0.950 0.946 0.940 0.919
M9 w/o pr 0.215 0.222 0.190 0.128 0.943 0.942 0.930 0.913
M6M8 0.211 0.197 0.166 0.122 0.948 0.945 0.936 0.905
M6M8 w/o pr 0.154 0.132 0.138 0.068 0.941 0.932 0.922 0.887
M6M9 0.243 0.217 0.199 0.145 0.952 0.949 0.941 0.922
M6M9 w/o pr 0.222 0.183 0.173 0.110 0.949 0.944 0.935 0.917
M7M8 0.219 0.193 0.164 0.116 0.950 0.944 0.939 0.906
M7M8 w/o pr 0.203 0.164 0.152 0.104 0.935 0.929 0.922 0.891
M7M9 0.243 0.203 0.194 0.144 0.952 0.949 0.943 0.924
M7M9 w/o pr 0.253 0.205 0.196 0.136 0.945 0.942 0.929 0.913

Table A-7: Average precision score (AP) and area under the receiver operator curve
(AUROC), incidence models, test partition (2014-2016), steps 3, 6, 12, 36.
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Figure A-10 shows comparisons between the naïve protest model M1 versus the base-
line M0 and the protest-repression dynamic models M2 and M3 versus M1. Note that the
confidence intervals are smaller compared to the results presented in the main section 3
indicating less uncertainty. The results from the re-defined partitioning set-up show that
M1 outperforms the baseline model M0 only for two steps while M2 shows increased AP
predictive performance for three and M3 for all steps. In line with the main findings, the
results stemming from the robustness test confirm the support for E1.

(a) (b) (c)

Figure A-10: Testing E1: Difference of bootstrapped AP scores for armed conflict inci-
dence with test period 2014-2016.

In Figure A-11, the difference in performance between the institutional models versus
M2 as well as between M4-M7 with versus without information on protest-repression
dynamics are presented. In contrast to the results presented in the main section, we see
that adding information on political institutions for civil liberties (M5) and elections (M6)
does indeed improve predictions . The differences in AP scores are less clear for M4, the
model including features for electoral democracy (M4). Figures e) to h) confirm previous
findings, highlighting the importance of including protest features in addition to more
structural and slow-changing features.

Figure A-12 shows how the addition of economic development features affects the
predictive performance compared to M2. The models’ AP scores improve for all steps -
the differences are generally larger when accounting also for features on the local level
(M9). Plots c) and d) show the impact on the performance after removing the protest
features. M8 benefits clearly from protest events while M9 improves for all steps but step
6. Overall, the plots provide additional support for E3.
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(a) (b) (c) (d)

(e) (f) (g) (h)

Figure A-11: Testing E2: Difference of bootstrapped AP scores for armed conflict inci-
dence with test period 2014-2016.

(a) (b) (c) (d)

Figure A-12: Testing E3: Difference of bootstrapped AP scores for armed conflict inci-
dence with test period 2014-2016.
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Evaluation statistics for conflict onset models, adjusted time pe-
riod

Table A-8 shows the evaluation metrics for models based on a time period adjusted by
three years to account for potential dynamics related to the Arab spring. Accordingly,
the models are trained up to December 2010, calibrated for the period between January
2011 and December 2013 and predicted and evaluated for the time between January 2014
and December 2016.

Model AP AUROC
3 6 12 36 3 6 12 36

M0 0.011 0.013 0.013 0.011 0.807 0.801 0.794 0.730
M1 0.012 0.014 0.014 0.010 0.818 0.806 0.807 0.747
M2 0.016 0.016 0.016 0.012 0.843 0.833 0.827 0.781
M3 0.016 0.016 0.017 0.012 0.853 0.850 0.845 0.776
M4 0.016 0.017 0.018 0.013 0.865 0.865 0.863 0.812
M4 w/o pr 0.014 0.012 0.012 0.010 0.807 0.809 0.783 0.772
M5 0.016 0.018 0.017 0.013 0.873 0.878 0.871 0.838
M5 w/o pr 0.013 0.015 0.015 0.011 0.852 0.862 0.841 0.817
M6 0.017 0.018 0.017 0.014 0.877 0.876 0.873 0.838
M6 w/o pr 0.016 0.014 0.015 0.011 0.859 0.855 0.846 0.812
M7 0.018 0.017 0.018 0.013 0.860 0.859 0.852 0.812
M7 w/o pr 0.013 0.014 0.015 0.010 0.837 0.836 0.820 0.769
M8 0.017 0.018 0.019 0.014 0.873 0.871 0.864 0.825
M8 w/o pr 0.004 0.004 0.002 0.003 0.654 0.677 0.586 0.609
M9 0.018 0.018 0.018 0.016 0.882 0.883 0.881 0.862
M9 w/o pr 0.017 0.017 0.016 0.014 0.868 0.876 0.854 0.843
M6M8 0.017 0.018 0.017 0.014 0.882 0.877 0.874 0.845
M6M8 w/o pr 0.017 0.016 0.015 0.013 0.864 0.859 0.857 0.828
M6M9 0.018 0.019 0.018 0.015 0.889 0.889 0.887 0.869
M6M9 w/o pr 0.016 0.018 0.016 0.015 0.879 0.885 0.875 0.858
M7M8 0.017 0.017 0.016 0.014 0.878 0.875 0.874 0.843
M7M8 w/o pr 0.015 0.015 0.017 0.013 0.854 0.855 0.839 0.819
M7M9 0.018 0.018 0.018 0.017 0.888 0.890 0.886 0.871
M7M9 w/o pr 0.017 0.017 0.016 0.014 0.873 0.877 0.864 0.846

Table A-8: Average precision score (AP) and area under the receiver operator curve
(AUROC), incidence models, test partition (2014-2016), steps 3, 6, 12, 36.
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