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Abstract

Despite their strong implications for strategic interactions between states and non-state ac-

tors, epidemics remain underinvestigated as catalysts of civil conflict. This paper explains how,

why, and when epidemics intensify civil conflict. I argue that frontier plagues, defined as severe

epidemics in low-capacity regions, intensify civilian targeting in outbreak epicenters. During

frontier plagues, states send healthcare professionals and deploy security forces to epicenters for

protection. Insurgents respond by reallocating combatants to these areas to defend territorial

control, but they shift from battles against the state toward coercive violence against civilians as

direct confrontation becomes costly. Frontier plagues thus generate a containment trap: efforts

to control epidemics intensify civil conflict. I test this argument using microlevel data on 922

epidemics across sub-Saharan Africa and 44,331 Ebola patients in the Democratic Republic of the

Congo. Using a spatiotemporal causal inference design, I show that frontier plagues significantly

increase civilian targeting in outbreak epicenters.
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1 Introduction

Epidemics and civil conflict frequently co-occur. From Ebola in Central Africa to cholera in Yemen,

epidemics concentrate in territories experiencing active civil conflict (Ghobarah, Huth and Russett,

2003; Price-Smith, 2008; Michaud et al., 2019). This co-occurrence is of direct policy importance:

to contain epidemics, states and international organizations often deploy healthcare professionals

and humanitarian agencies into active conflict zones (Mackenzie et al., 2014). Understanding when

and why epidemics reshape conflict dynamics—and how containment efforts interact with ongoing

conflict—is essential for the protection of civilian populations.

Political scientists have extensively studied how exogenous shocks reshape civil conflict (e.g.,

Bazzi and Blattman, 2014; Koubi, 2019; Powell, 2006; Nielsen et al., 2011). Yet epidemics have received

surprisingly little theoretical attention, even though they necessitate the very strategic interactions

between state and non-state actors that are at the center of civil conflict research (Fearon, 1995; Kaly-

vas, 2006; Blattman and Miguel, 2010). Infectious disease often demands state-led containment that

insurgents can neither provide nor ignore, and international monitoring by humanitarian agencies

and international organizations creates strong pressure for state intervention (Fazal, 2020; Ge, forth-

coming). Epidemics are thus among the most consequential yet least studied shocks that reshape

strategic interactions between states and insurgents during civil conflict: they confront states with a

choice over how aggressively to project their capacity into contested territory, and insurgents with a

choice over whether to accommodate or exploit that projection.

In this article, I offer an overarching framework to explain how epidemics intensify civil conflict.

I argue that the consequences of epidemics depend on the interaction between disease characteristics

and political geography.
1
I define frontier plagues as severe epidemics in areas of weak state capac-

ity. Because of their severity, frontier plagues generate domestic and international scrutiny, which

prompts states to deploy healthcare professionals and security forces for their protection to out-

break epicenters. Since containment requires specialized training and equipment that insurgents do

not possess, the containment efforts appear to insurgents as a hearts-and-minds strategy that builds

civilian loyalty through service provision and that insurgents cannot substitute for (Berman, Shapiro

and Felter, 2011). Insurgents thus counter by concentrating forces in outbreak epicenters to resist

state encroachment (e.g., Sexton, 2016; Lyall, 2019). Yet as state capacity rises in the epicenter, direct

engagement with state forces becomes more costly. Insurgents therefore shift from direct battles

against the state toward coercive violence against civilians, which deters civilian cooperation with

state forces and containment efforts. This adaptive pattern emerges only under frontier plagues be-

1
I use the term political geography to emphasize the spatial distribution of state capacity across territory, rather than

physical terrain or administrative borders (Herbst, 2014; Boone, 2003).

2



cause the combination of high severity and frontier geography produces localized shifts in relative

power. Frontier plagues thus generate a containment trap: efforts to control severe epidemics intensify

conflict and endanger civilians.

To test my theory, I construct two datasets that provide unprecedentedly detailed insights into

epidemics and civil conflict in sub-Saharan Africa, the region with the world’s highest infectious

disease mortality (GBD 2021 Causes of Death Collaborators, 2024) and the majority of international

emergency deployments (Mackenzie et al., 2014). The first is a microlevel, spatiotemporal dataset of

922 epidemics from 2011 to 2020, compiled from themost comprehensive academic, official, and pub-

lic sources (e.g., Pigott et al., 2014; Cuomo-Dannenburg et al., 2024;Moore et al., 2017). The second is a

patient-level dataset of all 44,331 cases from the 2018–2020 Ebola epidemic in the Democratic Repub-

lic of the Congo (DRC), an operational record known as a “line list” that is rarely used outside public

health and containsmore than a thousand clinical, geographic, laboratory, and exposure variables per

patient (Gregg, 2008). Combined with high-resolution data on political violence (Raleigh et al., 2010),

I develop exceptionally granular, microlevel data on epidemics and political violence.

I leverage the variation in severity across cholera epidemics (2011–2020) and the 2018–2020 Ebola

epidemic in the DRC to test my theory. The contrast between highly severe Ebola and less severe

cholera offers a valuable insight into how diseases with varying degrees of legibility, fatality, and

uncertainty affect conflict dynamics. The patient-level data of the Ebola epidemic also offers a unique

opportunity to examine the microlevel dynamics with unprecedented granularity. For identification,

I exploit exogenous spatial variation in exposure to environmental and animal reservoirs, specifically

fruit bat habitats for Ebola (Pigott et al., 2017) and major water bodies for cholera (Bompangue et al.,

2008; Taty et al., 2024). These ecological features are time-invariant and predetermined with respect

to short-term conflict dynamics. I incorporate them, together with spatiotemporal covariates, to

model outbreak and patient locations and estimate propensity scores, which I then use to construct

inverse probability weighting (IPW) estimators.

Methodologically, the spatial spillover and temporal carryover effects that epidemics generate

pose a challenge. A single Ebola patient in a frontier area might trigger shifts in state capacity that

influence conflict dynamics far beyond the outbreak’s epicenter. The effects of a new patient might

also appear only after the individual becomes infectious and symptomatic. These spatial spillovers

and temporal carryovers can occur in countless combinations, and thus any structural assumptions

about them are hard to defend. Classical panel data methods, however, require such assumptions

to estimate causal effects, for example by adding lagged outcome variables in selected neighboring

regions in the model, which can bias the estimates.

For these reasons, I move beyond traditional panel data approaches and employ a spatiotemporal
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causal inference framework (Mukaigawara et al., 2025; Papadogeorgou et al., 2022). Unlike classical

panel approaches that aggregate microlevel variation and impose assumptions about spillovers and

carryovers, the spatiotemporal causal inference framework models treatment patterns directly and

uses the distribution of outbreaks and patients as the intervention itself, without imposing any as-

sumptions about spillovers and carryovers. This map-as-treatment approach allows me to examine

average treatment effects while capturing spillovers and carryovers (Papadogeorgou et al., 2022), ex-

plore effect heterogeneity (Zhou et al., 2024), and probe causal mechanisms (Mukaigawara et al., 2025),

all with flexible counterfactual designs and intuitive visualizations (Mukaigawara et al., 2023).

Consistent with my theory, I find that high severity and frontier political geography jointly in-

tensify civil conflict. As frontier plagues intensify, battles decline in areas neighboring the outbreak

epicenter while violence against civilians increases within the epicenter. The most plausible alterna-

tive mechanism of contagion avoidance, in which insurgents withdraw from outbreak epicenters and

reengage once the state contains the epidemic, is inconsistent with the findings: violence requiring

high-risk direct contact with civilians does not decline even when outbreaks intensify; insurgents

do not reengage when the number of Ebola cases declines; and the presence of visible clinical symp-

toms does not mediate the effect on violence. Placebo outcome tests using satellite-detected fires

(Schroeder et al., 2014) show null effects, and sensitivity analyses indicate that the estimates are ro-

bust to substantial unmeasured confounding (Rosenbaum, 2002; Zhou et al., 2024).

This article makes four contributions to the literature. First, I offer a conceptual framework

linking epidemics and civil conflict by bridging political science and medicine. Despite increased

scholarly attention following COVID-19, we still lack a systematic account of how disease character-

istics interact with political geography to shape conflict dynamics. Political scientists examine how

epidemics influence violence through intergroup tensions (Dipoppa, Grossman and Zonszein, 2022;

Brancati, Birnir and Idlbi, 2023), repression (Grasse et al., 2021), and aid allocation (Farzanegan and

Gholipour, 2023), yet they rarely incorporate the medical properties of disease or their strategic im-

plications and compare across epidemics to derive an overarching framework linking epidemics and

civil conflict.
2
Public health scholars generate detailed insights into microlevel disease transmission,

institutional response, and community trust (Ilunga Kalenga et al., 2019), but they remain largely ag-

nostic about how political actors strategically adapt to epidemics. I bring these literatures together to

develop a typology of epidemics based on disease characteristics and political geography, and from it

2
Scholars tend to focus on one specific disease such as malaria (Bagozzi, 2016; Cervellati et al., 2018; Cervellati, Sunde

and Valmori, 2017), zoonoses (Koren and Bukari, 2024; Koren and Weidmann, 2025), HIV/AIDS (Kustra, 2017), the Black

Death (Voigtländer and Voth, 2012), Ebola virus disease (Gonzalez-Torres and Esposito, 2016), or COVID-19 (e.g., Brancati,

Birnir and Idlbi, 2023; Dipoppa, Grossman and Zonszein, 2022; Grasse et al., 2021; Ide, 2021; Koehnlein and Koren, 2022;

Wood et al., 2022; Berman et al., 2022; Bloem and Salemi, 2021; Farzanegan and Gholipour, 2023; Neumayer, Pfaff and

Plümper, 2023).
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derive a theory of epidemics and civil conflict.

Second, I contribute to the study of civil war by theorizing shocks as temporary and spatially un-

even expansions of state reach. Existing work shows how commodity, climatic, and aid shocks alter

state-insurgent interactions (e.g., Bazzi and Blattman, 2014; Dube and Vargas, 2013; Crost, Felter and

Johnston, 2014; Koubi, 2019; Nielsen et al., 2011), but treats shocks primarily as changes in resources,

grievances, or opportunity structures at national or provincial scales. I identify a different mecha-

nism: shocks can redirect coercive and administrative capacity into specific localities and shift the

local balance of power. Frontier plagues demonstrate that localized exogenous shocks can reshape

civil war by relocating state power within contested territory.

Third, the theory advances the literature on civilian victimization by proposing a pathway through

which civilians can become targets of insurgent coercion. Existing accounts treat civilians as targeted

either for deliberate collaboration with armed actors (denouncing insurgents, sharing intelligence

with state forces, or materially supporting one side) (Kalyvas, 2006; Wood, 2014; Stanton, 2016), or as

collateral to insurgent disruption of state projects such as aid programs, infrastructure, or security op-

erations (Sexton, 2016; Berman, Shapiro and Felter, 2011; Crost, Felter and Johnston, 2014). The theory

of frontier plagues proposes a different pathway: insurgent coercion can target civilian engagement

with state-backed responders, such as seeking treatment, reporting symptoms, and accepting clini-

cal care, even though civilians’ acts are driven by survival rather than deliberate collaboration with

the state. The theory therefore shifts attention from why armed groups punish collaboration or dis-

rupt state projects to how shocks can make ordinary civilian engagement with state crisis response

politically punishable.

Finally, the empirical analyses in this paper provide unusually granular evidence by combining

microlevel data with a spatiotemporal causal inference framework. Whereas geospatial data are now

common in political science, most studies rely on aggregated panels, and even rare applications of

spatial point processes (Harris and Posner, 2019;Monogan, Konisky andWoods, 2017) do not estimate

causal effects or account for spillovers and carryovers. This article is among the few (Mukaigawara

et al., 2025; Papadogeorgou et al., 2022; Zhou et al., 2024) to employ amap-as-treatment design, produc-

ing fine-grained estimates of combatant behavior during epidemics. I also introduce an underused

data source, patient-level outbreak line lists (Gregg, 2008), and demonstrate how these data can be

incorporated into political science to advance the study of conflict.

In Section 2, I develop a typology of epidemics, introduce the concept of frontier plagues, explain

why they affect civil conflict dynamics, and present the testable hypotheses. Section 3 describes the

empirical context, microlevel data, and descriptive evidence. Section 4 outlines the spatiotemporal

causal inference framework. Section 5 presents the empirical findings. I conclude in Section 6.
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2 Frontier Plagues

I first introduce a typology of epidemics and then explain why frontier plagues intensify civil con-

flict. Following CDC (2006), I define a disease epidemic as the occurrence of disease exceeding its

normal or anticipated level in a specific area and time period. I focus on infectious disease epidemics

(hereafter, epidemics), which are caused by pathogenic microorganisms including bacteria, viruses,

and parasites. Following Gleditsch et al. (2002), I define civil conflict as “organized armed combat be-

tween the government and an internal opposition group, resulting in at least 25 battle-related deaths

per year.”

2.1 A Typology of Epidemics

Political science and public health scholarship identify two dimensions along which epidemics can be

classified. The first is political geography, defined by the degree of state presence (e.g., Herbst, 2014;

Boone, 2003), which shapes both outbreak progression and political actor responses. The second is

severity, ormore specifically disease burden, which captures the total impact of disease and ismeasured

by mortality, morbidity, and various other indicators (Murray and Lopez, 2013).
3

Political geography. Political geography shapes both the progression of outbreaks and the responses
of political actors. I focus on the contrast between the frontier, which I define as an area of weak state

capacity, and the center, an area of high state capacity. In the context of epidemics, state capacity

comprises coercive and administrative dimensions (e.g., Tilly, 1990; Hendrix, 2010) and an informa-

tional dimension (e.g., Lee and Zhang, 2017; Scott, 1998), which correspond respectively to the use of

military and police forces, the provision of healthcare services, and disease surveillance.
4

This definition thus emphasizes the spatial distribution of state capacity rather than topographi-

cal constraints alone. Whereas Herbst (2014) explains how physical geography shaped the territorial

reach of states through the costs of power projection, I conceptualize the frontier and the center in

terms of subnational variation in coercive, administrative, and informational capacities. Political ge-

ography therefore reflects spatial variation in state capacity rather than a fixed physical constraint.

Uneven capacity shapes political responses to epidemics by shaping the state’s deployment of security

forces, healthcare, and surveillance.

3
Commonly used metrics in public health include disability-adjusted life years (DALYs) and quality-adjusted life years

(QALYs) (Murray and Lopez, 2013).

4
Whereas fiscal capacity (e.g., Tilly, 1990; Hendrix, 2010) is also an important dimension of state capacity, I focus on co-

ercive, administrative, and informational capacity because they are more salient and undergo the most rapid adjustments

during the initial phase of epidemic response.
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Disease burden. Disease burden broadens the analysis beyondmortality to include morbidity, eco-

nomic costs, and political consequences that can shape the microlevel dynamics of political violence.
5

Infectious diseases vary in causative organisms, mortality and transmission rates, incubation periods

(the time between initial infection and symptom onset), clinical symptoms, transmission routes, and

the availability of vaccines or treatment (see Table 1). Viral hemorrhagic diseases such as Ebola and

Marburg virus diseases are highly fatal, legible viral infections that require initial animal-to-human

transmission followed by secondary human-to-human transmission. In contrast, cholera is transmit-

ted through contaminated water sources via fecal-oral transmission and generally results in lower

mortality rates than viral hemorrhagic diseases.

Three clinical features, in particular, determine the political consequences of epidemics: legibility

of clinical symptoms, fatality, and uncertainty regarding the trajectory of epidemics. The first two

features, legibility and fatality, jointly trigger political attention. Viral hemorrhagic fevers such as

Ebola and Marburg cause highly legible symptoms, including internal and external bleeding. Be-

cause of high fatality, clusters of patients with bleeding trigger state investigations, World Health

Organization (WHO)-mandated reporting of suspected cases, and intensified surveillance by non-

governmental organizations (NGOs) and the media. The third feature, uncertainty, is also essential

because infected individuals initially show no symptoms (the incubation period), nor are they infec-

tious (the latent period). This delay generates uncertainty about outbreak progression, complicates

outbreak investigation, and shapes state capacity allocation and insurgent response.
6

Whereas disease and disease burden are both multidimensional, we can map diseases onto their

typical burden levels because diseases often cluster into stable profiles across those dimensions (Ta-

ble 1). High-burden diseases exhibit a consistent combination of high legibility, high fatality, and

longer incubation, whereas low-burden diseases exhibit the opposite configuration. Viral hemor-

rhagic diseases such as Ebola, Marburg, and Crimean-Congo hemorrhagic fever constitute high-

burden diseases. In contrast, cholera, COVID-19, and seasonal influenza are low-burden diseases.

Physiologically, host-pathogen mismatch explains the stability of disease profiles. Host-pathogen

mismatch is the maladaptation that occurs when a pathogen infects a novel host species that is not

evolutionarily optimized (Antia et al., 2003). Mismatch between pathogen replication strategies and

host immune defenses can produce systemic infection, severe clinical symptoms, and high fatality

due tomaladaptation of the new host species (Longdon et al., 2014). It also produces atypical infection

5
Political scientists have focused onmortality as the primary indicator of health impact (King andMukaigawara, 2025).

Focusing on disease burden can offer further leverage by capturing the total impact of disease on politics (e.g., Ghobarah,

Huth and Russett, 2003; Mukaigawara, Smith and Murray, 2026).

6
Epidemics generate greater uncertainty than other localized shocks, such as natural disasters. In their early stages,

actors often cannot determine whether a cluster of suspected cases constitutes an epidemic, or whether it will escalate

nationally or globally into a pandemic.
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Table 1: Characteristics of key infectious diseases. 𝑅0 is the basic reproduction number (the number of people that one patient can infect).

CCHF: Crimean–Congo Hemorrhagic Fever; MERS: Middle East Respiratory Syndrome; SARS: Severe Acute Respiratory Syndrome.

Sources: Feldmann, Sprecher and Geisbert (2020); Cuomo-Dannenburg et al. (2024); Zumla, Hui and Perlman (2015); Ergönül (2006); Monath

(2001); Prentice and Rahalison (2007); Stephens, Greenwood and Brandtzaeg (2007); Gessain, Nakoune and Yazdanpanah (2022); Racaniello

(2006); Petersen et al. (2016); Clemens et al. (2017); Wiersinga et al. (2020); Bautista et al. (2010); Uyeki et al. (2022).

Disease Pathogen Mortality
(%)

𝑅0 Incubation
(days)

Major Symptoms Transmission Treatment Vaccine Typical
Burden

Ebola Virus Disease Ebolavirus
(Filoviridae)

25–90 1.5–2.5 2–21 Fever, hemorrhage,

multi-organ failure

Contact

(body fluids)

Supportive;

antivirals

Yes High

Marburg Virus

Disease

Marburgvirus
(Filoviridae)

24–88 1.5–2.0 2–21 Fever, hemorrhage,

shock

Contact

(body fluids)

Supportive No High

MERS MERS-CoV
(Coronavirus)

30–35 0.5–1.0 2–14 Fever, cough,

pneumonia

Droplets; con-

tact

Supportive No High

CCHF CCHFV
(Nairovirus)

10–40 0.8–1.2 1–9 Fever, hemorrhage,

liver failure

Tick bites; con-

tact

Supportive No High

Yellow Fever Yellow fever virus
(Flavivirus)

20–50 2.0–5.0 3–6 Fever, jaundice,

hemorrhage

Mosquito bites Supportive Yes High

Bubonic Plague Yersinia pestis
(bacterium)

30–60 1.0–1.3 1–7 Fever, lymphadeni-

tis, sepsis

Flea bites Antibiotics No High

Meningococcal

Meningitis

Neisseria meningitidis
(bacterium)

10–15 1.2–1.5 2–10 Fever, neck stiff-

ness, confusion

Droplets Antibiotics Yes Moderate-

High

Mpox Monkeypox virus
(Orthopoxvirus)

1–10 1.1–2.4 5–21 Fever, rash,

lymphadenopathy

Contact,

droplets

Supportive;

antivirals

Yes Low

Poliomyelitis Poliovirus
(Picornaviridae)

2–10 5–7 3–35 Fever, paralysis,

muscle weakness

Fecal–oral;

droplets

Supportive Yes Low

Zika Virus Disease Zika virus
(Flavivirus)

0.01 1.4–3.0 3–14 Fever, rash,

arthralgia

Mosquito bites;

sexual

Supportive No Low

Cholera Vibrio cholerae
(bacterium)

1–50 1.2–2.0 0.5–5 Watery diarrhea,

dehydration

Fecal–oral Rehydration;

antibiotics

Yes Low

COVID-19 SARS-CoV-2
(Coronavirus)

0.5–1 2.0–3.5 2–14 Fever, cough,

fatigue, dyspnea

Droplets Supportive;

antivirals

Yes Low

H1N1 Influenza Influenza A/H1N1 virus 0.1 1.4–1.6 1–4 Fever, cough,

myalgia

Droplets Antivirals;

supportive

Yes Low

Seasonal Influenza Influenza A/B viruses 0.01–0.1 1.2–1.5 1–4 Fever, cough,

myalgia

Droplets Antivirals;

supportive

Yes Low
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Table 2: A typology of epidemics. Epidemics can be classified along both disease burden and polit-

ical geography. The combination of a high-burden disease and frontier (frontier plagues, top left in

bold) results in intensification and reconfiguration of civil conflicts during epidemics.

Disease Burden
High Low

Political Geography
Frontier

Frontier plague

(e.g., Ebola × Low-capacity)

Silent frontier

(e.g., Cholera × Low-capacity)

Central

Central plague

(e.g., Ebola × High-capacity)

Routine epidemic

(e.g., Cholera × High-capacity)

dynamics, including altered timing of viral load peaks relative to symptom onset, which could delay

detectability and complicate outbreak control (Antia et al., 2003; Longdon et al., 2014).

Host-pathogen mismatch offers a mechanism through which epidemics could differentially per-

turb conflict dynamics. Civil conflict research has shown that geography shapes conflict dynamics by

structuring state reach and information flows (Fearon and Laitin, 2003; Kalyvas, 2006), the political

status of ethnic groups (Carter, Shaver and Wright, 2019), and armed group mobility (e.g., Buhaug

and Rød, 2006). Yet the role of geographically localized shocks in shaping conflict dynamics re-

mains contested.
7
In epidemics, many pathogens to which humans are not evolutionarily adapted are

maintained in animal reservoirs. High-burden infections often emerge through ecological interfaces

where humans and reservoir species interact, where environmental conditions support reservoir

habitation, and where limited surveillance and early treatment capacity allow infections to progress

until they become systemic and severe. These conditions are most common in frontiers. State re-

sponses to such epidemics become fragmented because of low baseline capacity, remain poorly tar-

geted and ineffective because of uncertainty, and generate insurgent responses that alter conflict dy-

namics.
8

A typology of epidemics. The interaction between political geography and disease burden yields

four ideal types of epidemics (Table 2): frontier plagues (high-burden epidemics in frontier regions),

central plagues (high-burden epidemics in central regions), silent frontier (low-burden epidemics in

frontier regions), and routine epidemics (low-burden epidemics in central regions). For example, Ebola

outbreaks in frontier regions constitute frontier plagues, whereas outbreaks in central regions consti-

tute central plagues. Similarly, cholera outbreaks constitute either silent frontiers (in frontier regions)

or routine epidemics (in central regions).

7
See, for example, existing work on climate-related shocks and conflict (e.g., Burke, Hsiang and Miguel, 2015).

8
The distinctiveness of outbreak progression in frontier regions has also been documented in public health scholarship

on the Amazon frontier. See for example Sawyer (1987) and Caldas de Castro et al. (2006).
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2.2 The Containment Trap: Frontier Plagues and Insurgent Violence

Among the four ideal types of epidemics (see Table 2), frontier plagues create a containment trap for

states and international actors. Efforts to control severe epidemics require the concentration of aid

and security forces in affected areas, yet this response can provoke insurgent adaptation, intensify

civil conflict, and increase civilian targeting. The trap emerges because the legibility and fatality of

frontier plagues limit who can credibly carry out containment, while uncertainty shapes both the

targets and the effectiveness of containment efforts.

Legibility and fatality determine the agents responsible for medical care and containment. Severe

diseases such as Ebola require specialized equipment and expertise that insurgents do not possess, and

this capacity is often supplied by external agencies such as the WHO and NGOs. Because these agen-

cies depend on government authorization, aid provision during frontier plagues remains under state

control. Insurgents resist these efforts because state-led containment can undermine their legitimacy,

reduce civilian support, expose sensitive information about insurgent capacity and infection among

combatants, and expand the state’s security presence in contested territory. These dynamics are con-

sistent with research on insurgent resistance to government aid in contested areas (e.g., Sexton, 2016),

the political effects of government-channeled humanitarian assistance (Sexton, 2016), aid perceived as

penetration into insurgent governance (Lyall, 2019), and grievance-inducing state actions (e.g., Huff,

2024; Balcells, 2017; Gurr, 2010; Petersen, 2002; Post, 2005).

Uncertainty about the progression of frontier plagues affects the targeting and effectiveness of

containment efforts. High uncertainty and long incubation periodsmake it difficult for states to target

surveillance or care with precision.
9
As a result, states often intervene intensively only after transmis-

sion is already widespread and concentrate containment and security deployments in the outbreak

epicenter. The surge in state capacity in the outbreak’s epicenter produces sharp local shifts in the

distribution of power, a key determinant of combatant strategy (Wood, 2014). Insurgents therefore

adjust to the surge in state capacity in the outbreak’s epicenter.

To illustrate the behavioral implications of frontier plagues, consider a localized, high-burden

outbreak such as Ebola in a peripheral territory characterized by limited coercive, administrative,

and informational state capacity. Shifts in conflict dynamics occur in three stages: state capacity

surge, insurgent adaptation, and strategic restraint and substitution.

Stage 1. State capacity surge. State response to frontier plagues involves two objectives: containing
frontier plagues and consolidating territorial control. Domestically, containment signals competence

9
While scholars show that aid flows shape uncertainty about commitment (Savun and Tirone, 2011) or capability

(Narang, 2015), epidemics generate uncertainty directly by obscuring infection status and transmission chains, which

complicates the information environment.
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and helps secure civilian support. Internationally, high-burden diseases invite scrutiny by media, hu-

manitarian organizations, and the WHO under the International Health Regulations. Perceived fail-

ure imposes reputational costs (Goldfien, Joseph and McManus, 2023) that threaten leaders’ political

and physical security. To mitigate these risks, the state deploys healthcare personnel, often in collab-

oration with international agencies, and expands administrative and informational capacity through

service provision and disease surveillance. The state also strengthens coercive capacity through the

deployment of military or police units to protect healthcare professionals (Michaud et al., 2019). As

is often the case with the clinical management of outbreaks, uncertainty about who is infected or

exposed, combined with resource constraints, produces an acute and spatially concentrated surge of

state capacity in the epicenter.

Stage 2. Insurgent adaptation. Insurgents also seek to contain the epidemic and consolidate ter-

ritorial control, but they face competing pressures. Accepting state-led containment might improve

public health but risks exposing their limited administrative capacity and weakening their author-

ity because state-led containment efforts function as a strategy to improve civilian welfare (Galula,

1964; Trinquier, 1964; Berman, Shapiro and Felter, 2011). Such efforts can shift civilian support toward

the state and risk information breaches about insurgent capacity. Insurgents also lack the resources

needed to contain high-burden disease outbreaks. Moreover, concentrated state coercive presence

in the outbreak’s epicenter increases the risk of losing territorial control. The rational insurgent re-

sponse is therefore to reallocate combatants from neighboring areas into the outbreak’s epicenter to

counter the state’s inflow of capacity, which results in spatial substitution of violence from neighbor-

ing regions in the frontier toward the outbreak’s epicenter.
10

Stage 3. Strategic restraint and substitution. Once in the outbreak’s epicenter, intensified state

coercive presence makes direct confrontation costly. Insurgents therefore align their tactics with the

local balance of power and strategically refrain from battles against state forces. Because insurgents

lack the capacity to provide care to civilians or directly confront state forces, they seek to under-

mine the state by demonstrating its inability to protect the population. Insurgents attack civilians

to demonstrate state incapacity to protect them, target healthcare professionals to undermine state-

led containment efforts, and use violence to terrorize and coerce civilians to deter engagement with

state forces and containment efforts. Another substitution dynamic thus emerges at the tactical level,
10
Here I make two assumptions. First, I assume that insurgents project power across the frontier, rather than only

within a narrow locality, and can shift this power projection (Boulding, 1962; Buhaug, 2010). The mechanism should

still operate, however, when insurgent reach is more limited. Local insurgents near outbreak epicenters face the same

increase in state presence, competitive pressure, and risk of losing civilian support. Second, I assume that insurgent

presence is associated with the incidence of violence. This assumption is plausible because insurgent violence often

requires territorial access, local intelligence, or local networks (Kalyvas, 2006; Zhukov, 2012; Buhaug and Gates, 2002).

Even indirect tactics, such as explosive devices, require some prior access to the target area and the ability to operate

without immediate detection.
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in which insurgents shift from open battles against state forces to violence against civilians. This

dynamic parallels theories of selective violence in contested territories (Kalyvas, 2006), coercion un-

der resource scarcity (Weinstein, 2007), and civilian targeting when opportunities for battle diminish

(Stanton, 2016).
11

Tactical substitution rests on the assumption that insurgents perceive civilian defection toward

the state as irreversible. If civilian loyalty toward the state could revert once the outbreak ended, wait-

ing out the outbreak and avoiding contagion would suffice, after which insurgents could reengage.

Tactical substitution becomes rational only when insurgents expect that state-civilian interactions

during frontier plagues induce a sustained shift in civilian loyalty toward the state (e.g., Kalyvas, 2006;

Berman, Shapiro and Felter, 2011). Two features of frontier plagues make this expectation plausible.

First, once civilians cooperate with state-backed responders, that behavior is observable to neigh-

bors and insurgents, and reversing it later exposes individuals to retaliation as collaborators (Kaly-

vas, 2006). Second, the political consequences of cooperation outlast the immediate outbreak even

when coercive presence recedes: the state retains surveillance records, civilians retain ties to inter-

national responders, and international monitoring could institutionalize the legibility of subsequent

defection (Fazal, 2020). Insurgents therefore expect that civilians who shift during frontier plagues

are unlikely to shift back, which makes punishing observed civilian compliance to deter further shifts

the dominant response (e.g., Kalyvas, 2006).

The theory of frontier plagues challenges three prominent accounts of how shocks, state capacity,

and civilian behavior shape civil war. First, the consequences of frontier plagues are driven primarily

by elite decision-making rather than civilian behavior. Both the surge in state capacity and subse-

quent insurgent adaptation reflect strategic choices by state and non-state elites. This contrasts with

arguments that emphasize civilian misattribution of epidemics to state forces or healthcare profes-

sionals as a driver of grievances and resistance.
12
More broadly, it differs from much of the existing

research on political responses to exogenous shocks, which focuses on bottom-upmechanisms driven

by civilian beliefs and attribution.
13

Second, the theory reverses the standard expectation that adverse shocks weaken the state and

expand insurgent opportunity. A large literature argues that economic, climatic, and epidemiologi-

11
Thus, whereas states might also exploit epidemics for repression (Grasse et al., 2021), in the case of frontier plagues,

the main perpetrators are insurgents, since states lack incentives to repress specific groups because of international mon-

itoring and scrutiny.

12
Additionally, my argument differs from explanations that emphasize civilian reactions to state actions under condi-

tions of limited state presence. Nathan (2023) argues that where the state is weakly embedded in local society, isolated

state interventions can generate outsized political reactions. In Nathan (2023)’s framework, limited state presence ampli-

fies grievances through civilianmisinterpretation. By contrast, my argument emphasizes how epidemics alter the strategic

environment faced by state and insurgent elites.

13
For example, research on economic voting during income shocks focuses on the role of misattribution among civil-

ians on voting behavior (e.g., Novaes and Schiumerini, 2022; Ashworth, Bueno de Mesquita and Friedenberg, 2018).
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cal shocks weaken livelihoods, strain state institutions, and expand opportunities for rebellion (e.g.,

Burke, Hsiang andMiguel, 2015; Koubi, 2019; Price-Smith, 2008). This logic implies state retreat from

affected peripheries and insurgent expansion around them. Frontier plagues predict the opposite.

When a shock requires non-substitutable state capacity and triggers international scrutiny, the state

pushes administrative, coercive, and informational capacity into the periphery. The central conse-

quence is not state withdrawal but contested state penetration.
14

Third, the theory reinterprets civilian engagement with state-backed projects in contested terri-

tory. Existing accounts of aid-driven conflict often explain violence through twomechanisms: insur-

gentsmight attack or divert state-backed resources (Sexton, 2016; Crost, Felter and Johnston, 2014), or

state servicesmight reduce violence by inducing civilians to share intelligencewith the state (Berman,

Shapiro and Felter, 2011). Frontier plagues identify a different mechanism. Civilians who seek treat-

ment, report symptoms, or accept clinical care might not intend to collaborate with state actors since

their behavior is often driven by survival. Yet insurgents could still treat such engagement as defec-

tion because it embeds civilians in state-backed systems of surveillance, treatment, and containment.

In this sense, frontier plagues transform medical compliance into a politically salient target of coer-

cion. This argument departs from existing accounts of armed-group adaptation (Stanton, 2016;Wood,

2014; Kalyvas, 2006), where similar spatial and tactical patterns emerge from insurgent punishment

of deliberate collaboration.

2.3 Disease Burden and Political Geography as Natural Cleavages

The intensification and reconfiguration of violence occur only under frontier plagues because the

necessary conditions include a shift in state capacity triggered by uncontainable infectious disease.

The remaining three types of epidemics lack these conditions.

Silent frontier. In silent frontiers, low-burden diseases such as cholera require primarily supportive

care rather than specialized equipment, which allows both the state and insurgents to provide basic

treatment even in frontier regions. The state therefore has limited incentive to surge its capacity into

the frontier, and insurgents can instead shift toward service provision, improve civilian welfare, and

cultivate local support rather than resorting to violence.
15

14
Another distinctive feature of frontier plagues is the high uncertainty surrounding epidemic progression. Other

shocks, such as natural disasters, may share some of the four features that induce the three-stage mechanism: legibility,

lethality, uncertainty, and the state’s comparative advantage in service provision. Yet frontier plagues generate much

greater uncertainty than other localized shocks because they can escalate into national or global pandemics.

15
When a silent frontier outbreak escalates into a large-scale epidemic, however, the government is more likely to

intensify its capacity surge. In such cases, silent frontiers could induce constrained insurgent adaptation, though the

resulting effects on conflict dynamics remain weaker than those observed during frontier plagues.
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Central plague. Due to the high burden of disease, central plagues can induce a surge in state ca-

pacity. However, this surge takes place in the center, not in the frontier. Because state capacity is

already concentrated in the center, states can expand their response without reallocation. As a result,

the spatial distribution of state capacity remains unchanged, insurgent adaptation becomes unlikely,

and the effects of central plagues on civil conflict are limited.

Routine epidemic. For routine epidemics, the state does not need to surge its capacity in the core

regions because such outbreaks can be contained with existing resources. Unlike the other three

types, routine epidemics therefore do not induce a state capacity surge.

2.4 Testable Hypotheses

The dynamics of frontier plagues and comparisons across four types of epidemics generate three

testable hypotheses. The first hypothesis states the effects of frontier plagues in comparison with the

other three ideal types.

H1 (Frontier Plagues). Frontier plagues intensify civil conflict more than central plagues,

silent frontiers, and routine epidemics.

The first hypothesis captures the core prediction that the interaction of high disease burden and

frontier political geography drives the intensification of civil conflict. Because legibility, fatality, and

uncertainty jointly trigger domestic and international scrutiny and prompt states to deploy health-

care professionals and security forces to outbreak epicenters, the effect on civil conflict should be

observed only for high-burden diseases in frontier regions. Empirically, this hypothesis implies a

positive interaction between high disease burden and frontier location.

The second hypothesis examines the spatial substitution during frontier plagues.

H2 (Mechanism: Spatial Substitution). During frontier plagues, insurgents reduce attacks

in regions neighboring the outbreak’s epicenter and increase violence within the epicen-

ter.

Because the state concentrates its forces at the outbreak’s epicenter, insurgents relocate to defend

their territorial control in this area, which reduces violence in neighboring regions and increases it

within the epicenter.

Finally, the third hypothesis captures the tactical substitution during frontier plagues, which op-

erates in conjunction with the spatial shift.

H3 (Mechanism: Tactical Substitution). During frontier plagues, insurgents shift from bat-

tles against state forces to violence against civilians.
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3 Context and Data

I draw on epidemics and civil conflicts in sub-Saharan Africa to test my theory. Sub-Saharan Africa

has been central to research on epidemics and insurgent violence (e.g., Ide, 2021; Koren and Bukari,

2024). Mortality from infectious diseases remains higher here than in any other region (GBD 2021

Causes of Death Collaborators, 2024), andmore than half of all emergency deployments by the Global

Outbreak Alert and Response Network occur in sub-Saharan Africa (Mackenzie et al., 2014). The re-

gion also experiences awide range of epidemics, fromhigh-burden outbreaks such as Ebola,Marburg,

andmeningitis to lower-burden ones such as cholera, in both central and frontier settings. Combined

with the region’s high incidence of civil conflict (e.g., Fearon and Laitin, 2003), this variation provides

a unique opportunity to examine how epidemics affect the dynamics of civil conflicts.

To probe the mechanisms linking frontier plagues and civil conflict, I leverage the 2018–2020

Ebola epidemic in northeast DRC. TheDRC is among themost theoretically central cases of civil con-

flict in sub-Saharan Africa (e.g., Lindsey, 2022; Autesserre, 2010, 2014; Koos and Traunmüller, 2025).

Its protracted civil conflict in the northeast, combinedwith recurrent outbreaks of Ebola and cholera,

has made the region a focal point for research on epidemics and civil conflicts (e.g., Sauter, 2024). The

2018–2020 Ebola epidemic involved 3,481 confirmed cases with an estimated mortality rate of 66%.

The outbreak period saw more than 450 violent incidents or threats against healthcare professionals

and at least 42 attacks on healthcare facilities.
16
The 2018–2020 Ebola epidemic in the DRC thus offers

a valuable case for examining how frontier plagues shape patterns of violence.

I construct two microlevel datasets. The first is an outbreak-level dataset of 922 epidemics across

sub-Saharan Africa (2011–2020), which enables cross-epidemic comparison. The second is a patient-

level dataset of 44,331 Ebola and 42,597 non-Ebola clinical records from the 2018–2020 Ebola outbreak

in northeastDRC,which captures the dynamics of frontier plagues. I then combine bothwith political

violence event records (Raleigh et al., 2010) to construct a comprehensive epidemics-conflict dataset.

3.1 Outbreak-level Data

The outbreak-level dataset captures 922 epidemics in sub-Saharan Africa from 2011 to 2020, including

cholera (867 epidemics), Ebola (15), Marburg (5), and meningococcal meningitis (35). I obtain the most

comprehensive georeferenced datasets available, first using academic publications for Ebola (Pigott

et al., 2014), Marburg (Cuomo-Dannenburg et al., 2024), and cholera (Moore et al., 2017) and the Emer-

gency Events (EM-DAT) Database for meningitis, and then validating and supplementing all records

16
See reliefweb.int/report/democratic-republic-congo.
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with academic publications, official records by the CDC and WHO, and public databases.
17
For each

epidemic, the dataset includes the disease name, confirmed cases and deaths, start and end dates, and

a georeferenced location. I take the start date and location to be those of the index clinical case, since

it determines the timing and place of the initial response by local health authorities.

The variation of the four diseases in the dataset makes them representative of disease burden

and political geography. Viral hemorrhagic diseases (Ebola and Marburg) are characterized by high

disease burden, whereas cholera has lower andmore variable (but generally low)mortality. Meningo-

coccal meningitis produces outbreaks in the Meningitis Belt from Senegal to Ethiopia and has mod-

erate to high mortality without appropriate antibiotic treatment.
18
Spatially, these epidemics occur

in both frontier and central regions (Figure 1, Panel A).

3.2 Individual-level Data

From mobile-phone traces to climatological data, spatiotemporal data are collected every day but

often remain underused for research or policy. In public health, outbreak-response teams routinely

assemble “line lists,” patient-level records documenting timing, location, clinical features, contacts,

and test results (Gregg, 2008). Although indispensable during an outbreak, these datasets are rarely

analyzed afterward or beyond epidemiology. By leveraging line-list data collected for operational

purposes yet seldom used in political science, I test the link between epidemics and civil conflict.

The dataset contains 88,458 clinical records from the 2018–2020 Ebola epidemic. After exclud-

ing observations without spatiotemporal information and those reported before August 2018 (𝑛 =

86,298), 3,163 cases are classified as confirmed, 136 as probable, 41,032 as suspected, and 42,597 as not a

case.
19
The dataset was originally curated by the DRCMinistry of Health, the WHO, and humanitar-

ian medical organizations involved in the clinical response.
20

For each patient, the dataset contains 1,175 variables, including demographic information (e.g.,

surname, age, gender, pregnancy status, history of Ebola infection, dates and locations of onset, and

occupation); clinical signs and symptoms (indicators for 36 symptoms, including hemorrhage); hos-

17
I address the potential underreporting in low-capacity regions by triangulating across academic compilations, EM-

DAT, and WHO and CDC records, which rely on international surveillance rather than national reporting alone. See

Appendix Section B.1.

18
Diseases such as malaria and HIV/AIDS are excluded because they are endemic rather than epidemic.

19
Use of these patient-level records was reviewed and approved by the Harvard University Institutional Review Board

(IRB 23-0440), and the analyses follow the APSA Principles and Guidance for Human Subjects Research. See Appendix
Section B.3 for full ethical considerations, including consent waiver justification, de-identification procedures, and repli-

cation policy.

20
Surveillance and case reporting during the outbreak were conducted through a joint system involving the DRC

Ministry of Health, the WHO, and humanitarian medical organizations involved in clinical response. Case data were

therefore compiled by both domestic and international actors rather than a single government source, which mitigates

concerns about systematic reporting bias.
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Figure 1: Spatiotemporal trends of epidemics (2011–2020) and Ebola patients (2018–2020).
Panel A shows epidemic locations in sub-Saharan Africa for both high- and low-burden diseases

(Ebola, Marburg, meningococcal meningitis, and cholera). Cholera epidemics are displayed as dots

for visualization purposes. Due to the limited sample sizes, all recorded cases beyond the 2011–2020

period are shown for Ebola and Marburg. Panel B shows the spatial distribution of confirmed Ebola

patients (left; onset locations), where darker orange shading reflects higher case densities based on a

smoothed, log-transformed surface. The right panel displays the temporal trajectory of patient counts

during the 2018–2020 outbreak (August 1, 2018–June 25, 2020).

pitalization information (hospitalization status, facility names, and dates of admission); epidemio-

logical risk factors (e.g., contact histories, attendance at funerals, travel history, hospital visits, and

visits to traditional healers, as well as contact with animals); laboratory testing results (e.g., rapid di-

agnostic tests and PCR assays); information about interviewers; and patient outcomes (final clinical

status, timing and location of death, and all symptoms recorded over the clinical course).
21

For lo-

cation information, the dataset reports country, sous-coordination (SC), district, and village names,

which I convert to geographic coordinates using a multi-stage geocoding pipeline that combines text

21
See Appendix Section B.2 for a summary of patient characteristics.
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normalization and fuzzy string matching against administrative boundary gazetteers.
22

The spatiotemporal distribution of Ebola patients highlights how Ebola complicates the infor-

mation environment. During the 2018–2020 outbreak, cases were heavily concentrated in northeast

DRC (Ituri, North Kivu, and South Kivu), which also experiences protracted civil conflict (Figure 1,

Panel B, left). Over time, most recorded patients were ultimately classified as not Ebola cases or as not

meeting confirmatory case definitions (Figure 1, Panel B, right). The rise in such cases underscores

the difficulty of distinguishing who is infected.

3.3 Political Violence Events

For dependent variables, I use the Armed Conflict Location and Event Data (ACLED) (Raleigh et al.,

2010), which captures spatiotemporal information of political violence events. A key advantage of

using the ACLED dataset is that it incorporates reports from the Kivu Security Tracker, a high-

resolution spatiotemporal source based on local correspondents’ accounts from northeastern DRC.
23

The primary outcomes are expected frequencies of political violence events, measured as daily

counts of battles, lethal violence against civilians, and non-lethal violence against civilians. I follow

ACLED’s typology, which defines battles as armed engagements between two organized actors and

violence against civilians as the use of force by an organized actor against unarmed civilians. I classify

violence against civilians as lethal when at least one fatality is reported and non-lethal otherwise.
24

3.4 Descriptive Evidence

The descriptive analysis shows the spatiotemporal correlations between frontier plagues and civil

conflict. High-burden epidemics cluster in frontier regions, whereas low-burden epidemics appear

across both central and frontier areas. In the DRC (Figure 2, Panel A), Ebola outbreaks (orange) oc-

cur mainly in the conflict-affected north (gray shades displaying log-transformed mean annual event

counts), while cholera outbreaks (blue) are more broadly distributed. Additionally, temporal patterns

show the same frontier dynamic (Panel B). During the 2018–2020 DRC Ebola epidemic, spikes in

Ebola cases (orange) coincide with surges in lethal violence against civilians (gray), which indicates

that high-burden frontier epidemics and violence often escalate in tandem.

22
See Appendix Section C.1 for full details.

23
I use the ACLED dataset, which provides complete coverage of the Kivu Security Tracker dataset and was released

on March 2, 2026. A potential concern of the ACLED dataset is that the time series of reported violence could itself be

affected by exogenous shocks such as Ebola outbreaks, but inspection of temporal trends across years suggests that this

is not a major issue. See Appendix Section B.4.

24
Non-lethal violence against civilians typically involves robbery, abduction, assault, or sexual violence, whereas lethal

violence against civilians captures intentional killing (Raleigh et al., 2010).
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Figure 2: Spatiotemporal correlations. Panel A maps epidemic locations (points) and mean annual

political-violence incidence (2011–2020, log scale; gray) in the DRC. Panel B showsweekly Ebola cases

(orange) and lethal violence against civilians (gray). VAC: violence against civilians.

Additionally, a qualitative literature review suggests that state capacity shifts occur during frontier

plagues (see Appendix Section D). I compare two epidemics in northeastern DRC (the 2018–2020

Ebola epidemic and the 2017–2018 cholera epidemic), which were among the largest Ebola (high-

burden) and cholera (low-burden) outbreaks in the DRC’s frontier region. Because the outbreaks

were similar in geography and scale but differed sharply in disease burden,
25
this comparison provides

a useful way to assess the impact of frontier plagues on shifts in state capacity. During Ebola, I find

that the DRC government, with Doctors Without Borders (MSF) and WHO, established and directly

managed eleven treatment centers across Ituri, North Kivu, and South Kivu, and expanded diagnostic

laboratories. During cholera, however, only five new centers opened in North and South Kivu, all

primarily operated by MSF, with minimal laboratory expansion.

4 Methods

Descriptive evidence shows spatial and temporal associations between frontier plagues and civil con-

flict, but these patterns remain correlations. Identifying causal effects requires methods that exploit

the full granularity of themicrolevel data. In this section, I outline the spatiotemporal causal inference

framework, explain the identification strategies, and describe the research design.

4.1 Overview

Methodologically, spatial spillovers and temporal carryovers that epidemics might generate pose a

crucial challenge. A single Ebola patient in a frontier region might draw state resources from else-

25
Cholera produced approximately 55,000 cases nationwide, many in the northeast, but had a mortality rate of 2%.
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Figure 3: Spatiotemporal causal inference framework. Panel data methods (top) aggregate ob-

servations to regions or grid cells, impose assumptions about spillovers and carryovers, and estimate

causal effects, which can bias estimates. The spatiotemporal causal inference framework (bottom)

avoids aggregation and instead generates maps of treatment and outcome locations. It also permits

flexible counterfactuals, such as shifting the location of outbreaks.

where and influence conflict dynamics far beyond the outbreak’s epicenter, and these effects might

appear only several days after the patient becomes symptomatic. Because spillovers and carryovers

can combine in many ways across continuous space, structural assumptions about them are difficult

to justify.

I therefore employ a spatiotemporal causal inference framework (Mukaigawara et al., 2025). Fig-

ure 3 contrasts panel data methods with the spatiotemporal causal inference framework. Panel data

methods (the top panel) aggregate microlevel coordinates and timing to administrative units or grid

cells and impose assumptions about spillovers and carryovers, for example through lagged outcomes

in selected neighboring areas, which can all introduce bias. By contrast, the spatiotemporal frame-

work (the bottom panel) avoids aggregation. It converts treatment and outcome locations into maps

and uses the spatial distribution as the treatment. Thismap-as-treatment strategy allows estimation of

average treatment effects, exploration of effect heterogeneity, and examination of mechanisms with-

out assumptions about how spillovers or carryovers operate.
26

This framework is especially well

suited to my setting, where spillovers and carryovers are likely, the data are highly granular in space

and time, and the observation period is sufficiently long.

Substantively, the framework estimates how insurgent violence changes when the spatial distri-

bution of treatment shifts from one distribution to another over a specified period (Figure 3, bottom

26
Further details can be found in Appendix Section A. Readers interested in technical details should consult

Mukaigawara et al. (2025), Papadogeorgou et al. (2022), and Zhou et al. (2024).
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right). In Figure 3, Treatment 1 and Treatment 2 represent two distributions of outbreaks or patients (a

more frontier-concentrated distribution versus a more center-concentrated one). The method com-

pares the effects of one distribution against another (e.g., effects of shifting epidemics from the center

to the frontier) over a specified duration (e.g., seven days) and estimates the resulting change in vio-

lence. Like the treatment, the causal effects are represented as a map (the blue-red map in Figure 3,

with blue indicating negative expected violence and red indicating positive expected violence). Math-

ematically integrating the map over an area of interest, such as northeast DRC, yields the causal effect

as a count (the expected change in the number of violent events in northeast DRC when outbreaks

shift from the center to the frontier for seven days).
27

4.2 Identification Strategy

The spatiotemporal causal inference framework rests on two causal assumptions (formally stated in

Appendix Section A). The first is unconfoundedness. Conditional on the observed history of treat-

ments, outcomes, and covariates, the treatment point pattern at each time period is independent

of all potential outcomes. Substantively, this means that the locations and timing of disease cases

are random once I account for spatiotemporal predictors of treatments. The second is overlap. The

counterfactual treatment distributions that I construct should be realistic and have positive proba-

bility under the propensity score model. The overlap assumption ensures that the estimated effects

reflect plausible scenarios rather than extrapolations.

Exogenous variation in exposure. For identification, I exploit exogenous variation in exposure

to the environmental and animal reservoirs of cholera and Ebola. Cholera is initially transmitted

through contaminated water sources containing Vibrio cholerae, and large lakes and rivers in the

African Great Lakes region have been identified as potential environmental reservoirs (e.g., Bom-

pangue et al., 2008; Taty et al., 2024). Environmental variation in access to these water bodies there-

fore offers a source of exogenous spatial variation. I model cholera outbreak locations using distances

to major water sources, along with histories of cholera outbreaks and political violence, distances to

major cities, population density and time splines.
28

27
Slightly more formally, the causal estimand is the average treatment effect of changing the spatial distribution or in-

tensity of outbreaks or patients on violence counts. Each counterfactual is a stochastic intervention, defined as a probability
distribution over outbreak or patient locations (Appendix Section A). Under the two causal assumptions of unconfound-

edness and overlap, I estimate propensity scores and use inverse probability weighting (IPW) to estimate the average

treatment effect as the difference in weighted violence outcomes between two counterfactual interventions.

28
Because my theory centers on state response and insurgent adaptation, I focus on epidemic onset and examine

whether newly emerging epidemics intensify civil conflict. Although I control for prior violence and prior outbreak

or patient histories when estimating propensity scores, focusing on newly emerging epidemics further ensures that sub-

sequent cases are treated as post-treatment dynamics.
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Ebola initially spreads to humans through contact with infected wildlife, with fruit bats of the

family Pteropodidae considered likely natural hosts. Variation in the distribution of reservoir ani-

mals thus provides a source of random treatment locations. I use existing fine-grained measures of

index-case locations and outbreak potential at the lowest administrative level, derived from the spa-

tial distribution of reservoir animals and previously reported human and animal Ebola cases (Pigott

et al., 2017). I also include spatiotemporal covariates (histories of political violence and Ebola inci-

dence, spatial and temporal indicators, and time splines) in the model so that, conditional on these

factors, the observed patient locations can be treated as random.
29

Threats to inference. I assess four major threats to inference: limited overlap, endogenous state

deployment, outcome reporting bias, and residual confounding.

First, the overlap assumption faces a specific threat in the context of Ebola. Because Ebola has a

high case fatality rate, patients at affected locations may die or flee. If no new cases arise in those lo-

cations, the spatial support of the treatment process may thin over time, which would reduce overlap

between the observed and counterfactual treatment distributions. I assess this threat with a nearest-

neighbor stationarity diagnostic and find little evidence of spatial thinning (see Appendix SectionH.1).

Second, treatment assignment could be confounded by endogenous state deployment. Healthcare

deployment may occur before formal case confirmation, which raises the concern that the treatment

captures administrative response rather than Ebola incidence. This concern is mitigated by the clin-

ical presentation of Ebola because Ebola cases are distinguishable from other clinical presentations

before formal laboratory confirmation. Confirmed Ebola cases are clinically distinct from ruled-out,

non-Ebola cases, with higher rates of hemorrhage (19% versus 8.6%) and case fatality (64% versus 19%;

see Table B.2). The broader set of confirmed, probable, and suspected Ebola cases also remains clini-

cally distinct from ruled-out, non-Ebola cases.

Third, estimates could be biased if ACLED reporting varies systematically with outbreak inten-

sity. For example, ACLED event counts could decline during peak outbreak weeks if Ebola disrupts

political violence reporting. Yet an event study of weekly ACLED event counts around the Febru-

ary 2019 surge in Ebola cases finds no systematic decline in coverage during peak case weeks (see

Appendix B.4).

Finally, residual confoundingmay violate the unconfoundedness assumption. I examine this pos-

29
I provide the model specification for cholera in Appendix Section E and for Ebola in Appendix Section F, where I

also present a set of model verification tests, including inspections of average residual fields (Baddeley et al., 2005), results

from the superthinning residual tests (Schoenberg, 2003; Clements, Schoenberg andVeen, 2012), out-of-sample prediction

performance, and visual assessments of the propensity scoremodel (Papadogeorgou et al., 2022;Mukaigawara et al., 2025).

I confirm that, after controlling for a set of covariates, the spatiotemporal patterns of cholera outbreak locations and Ebola

patient locations can be treated as random.
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Table 3: Summary of counterfactual designs. The outcomes (violence) include battles, lethal vio-

lence against civilians, and non-lethal violence against civilians.

Analysis Quantities of Interest Counterfactuals

Cross-

epidemic

Interaction effects (disease burden × po-

litical geography) on weekly incidence of

violence:

(A − B) − (C − D)

A. Ebola (frontier), 1 outbreak / week
B. Ebola (center), 1 outbreak / week

C. Cholera (frontier), 1 outbreak / week
D. Cholera (center), 1 outbreak / week

Within-

epidemic

Effects of intensifying frontier plagues

on weekly incidence of violence:

E − F

E. Ebola (frontier), 2–7 patients / day
F. Ebola (frontier), 1 patient / day

sibility in two ways. First, I conduct placebo outcome tests using satellite-detected fires (Schroeder

et al., 2014), which share the same spatial confounding structure as political violence but have no

plausible link to Ebola. These tests find null effects of Ebola on fires (Appendix Section H.3). Sec-

ond, I conduct a sensitivity analysis that generalizes the bounds approach of Rosenbaum (2002) to

the spatiotemporal setting (Papadogeorgou et al., 2022; Zhou et al., 2024). This analysis quantifies

how much the inverse probability weights would need to deviate from their assumed values before

the estimated effects become indistinguishable from zero. The results suggest that the estimates are

robust to substantial unmeasured confounding.

4.3 Counterfactual Design

To test my hypotheses, I employ both cross- and within-epidemic analyses. In the cross-epidemic

analysis, I estimate the interaction effects of disease burden and political geography on weekly inci-

dence of violence. I then conduct within-epidemic analyses using Ebola patient records to estimate

the causal effects of intensifying frontier plagues.

Cross-epidemic analysis. I begin by testingH1 through an analysis of how disease burden interacts

with political geography (Table 3, the first row). Using the Ebola patient line list, I construct coun-

terfactual outbreak distributions in frontier and central regions by taking the out-of-sample density

of Ebola cases and reweighting it with the density of healthcare facilities. Public hospitals and clin-

ics shift the distribution toward central regions, and private hospitals, which in the DRC are largely

complementary to public facilities, shift it toward frontier regions.
30

I then estimate the average treatment effect of a shift from central to frontier regions (Table 3, the

first row: A - B for Ebola and C - D for cholera), measured by the change in weekly violence incidence

30
See Appendix Section F. I also vary prioritization parameters as a robustness check.
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in northeastern DRC and in the DRC and adjacent areas of Rwanda and Uganda. I include these

neighboring areas because porous borders allow spatial spillover. For cholera, using the outbreak-

level data, I construct counterfactual distributions in frontier and central regions and set weekly

outbreaks to one to simulate the onset of a new outbreak.
31
For Ebola, due to the small sample size in

the outbreak-level data, I turn to the patient-level data. To simulate the onset of a new outbreak, I set

the intensity to be 4 cases per week, based on the average daily incidence during the first four months

of the 2018–20 outbreak. Finally, I compare the average treatment effects for Ebola and cholera and

examine the interaction effects (corresponding to (A - B) - (C - D) in the first row of Table 3).

Within-epidemic analysis. To test H2 and H3, I employ the Ebola patient-level data (Table 3, the

second row). I maintain the spatial distribution of patients the same and examine the effects of inten-

sifying frontier plagues by increasing the daily number of patients from 1 to 2–7 cases, which reflects

the actual number of daily cases during the 2018–20 Ebola epidemic (corresponding to E - F). To

further probe heterogeneity and mechanisms, I estimate heterogeneous treatment effects within the

epicenter and conduct causal mediation analyses.

5 Results

To preview themain findings, the cross-epidemic analyses show that high disease burden and frontier

locations jointly intensify civil conflict. Direct analysis of frontier plagues reveals that battles decline

in the outbreak’s epicenter as the epidemic intensifies. With a series of heterogeneity analyses, I find

patterns consistent with the spatial and tactical substitution hypotheses.

5.1 Interaction Effects of Disease Burden and Political Geography

To test H1 (Frontier Plagues), I examine the interaction effects of disease burden and political geog-

raphy (Figure 4, top left) and obtain the interaction effects as a map (Figure 4, right), which shows

positive interaction effects throughout northeastern DRC. The estimated interaction effects obtained

by mathematically integrating the map (bottom left) are an additional 0.87 attacks per week in north-

eastern DRC [95% CI: 0.068–1.67] in the case of lethal violence against civilians. This effect corre-

sponds to a 14.6% increase [1.14–28.13] compared with the 2018 baseline.
32

These findings are robust

across a range of counterfactual specifications.
33
The findings become statistically insignificant when

31
See Appendix Section E.

32
For the DRC and neighboring regions, the effect is 1.10 attacks per week [95% CI: 0.11–2.09]. This finding implies that

approximately 20.8% of the interaction effect occurs outside northeastern DRC, which justifies the use of the spatiotem-

poral causal inference method.

33
See Appendix Section G.1. Further, I examine the robustness of this cross-epidemic interaction effect to province-

level forest cover, which could be spatially correlated with both fruit-bat habitat and pre-existing insurgent presence.
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Figure 4: Disease burden and political geography jointly intensify civil conflict. The cross-
epidemic design (top left) compares the effects of shifting Ebola from the center to the frontier for

one week against the corresponding effects of cholera. The outcome surface (right) shows locations

with positive (red) interaction effects on lethal violence against civilians in northeastern DRC. Math-

ematically integrating the map over northeast DRC generates the interaction effects (bottom left),

expressed as percentage change relative to the January–July 2018 pre-outbreak baseline. Thick and

thin lines show the 90% and 95% confidence intervals, respectively.

non-Ebola cases, rather than Ebola cases, are used as the intervention.

Two points are worth noting. First, the comparison between Ebola and non-Ebola cases as treat-

ments shows that legibility, fatality, and uncertainty jointly intensify civil conflict. Non-Ebola cases

are clinical cases that presented to hospitals or clinics but were ultimately ruled out as Ebola.
34
Their

clinical profiles differ sharply from those of confirmed Ebola cases (see Table B.2). Confirmed Ebola

cases display more legible symptoms, such as bleeding (19% among confirmed Ebola cases versus 8.6%

among non-Ebola cases), much higher fatality (64% versus 19%), and greater uncertainty because of

Ebola’s incubation period. Because only Ebola combines these three features, the difference in in-

teraction effects between Ebola and non-Ebola cases indicates that this triad jointly intensifies civil

conflict.

Second, the cross-epidemic results indicate the presence of heterogeneity. Although the pattern

of interaction effects is consistent across alternative counterfactual specifications, the magnitude and

precision of the estimates vary across outcomes, with the effects on lethal violence against civilians

After augmenting the propensity score model with this covariate, the H1 effect on non-lethal violence against civilians in

northeast DRC remains positive and statistically significant [95% CI: 0.55–2.64]. See Appendix Section H.2.

34
Thus, they are not necessarily the cases of cholera.
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Figure 5: Frontier plagues reduce battles in neighboring areas and intensify violence against
civilians in the epicenter. Frontier plagues intensify violence during civil conflict (Panel A), while
reducing battles in neighboring Ituri (specifically Djugu, since the Ituri territories south of Djugu

fall within the epicenter case area, Panel B, left) and intensifying violence against civilians in the

epicenter, North Kivu (Panel B, right). Effects are shown as percentage change relative to the January–

July 2018 pre-outbreak baseline. Shaded ribbons denote 95% confidence intervals. The treatment

contrast compares 1 versus 2–7 daily Ebola cases.

being the most robust. To further probe this heterogeneity, I next perform the within-epidemic anal-

ysis.

5.2 Spatial and Tactical Substitutions

Within-epidemic analyses provide direct evidence for the spatial (H2) and tactical (H3) substitution

hypotheses. Figure 5 summarizes the average treatment effects of intensifying frontier plagues on vio-

lence across northeasternDRC. The overall effects on violence are positive and statistically significant

and demonstrate a dose-response pattern (Panel A). Further, battles between insurgents and the state

decline in Ituri, a neighboring area of the outbreak epicenter (Panel B, left), whereas violence against

civilians increases in North Kivu, the outbreak epicenter (Panel B, right).
35
These findings imply that

insurgents shift the locus of violence from neighboring regions toward the outbreak epicenter (H2)

and shift tactics from battles toward violence against civilians (H3).36

35
A series of diagnostic and sensitivity checks lends support to the identifying assumptions. The spatial support of pa-

tient locations remains stable across specifications, the placebo test yields no detectable effect, and the sensitivity analysis

indicates that an unmeasured confounder would need to change the IPW weights by a factor of approximately 1.5 to at-

tenuate the estimated effects to zero. Given that the analysis already conditions on a rich set of spatiotemporal covariates,

the sensitivity analysis suggests that the main findings are robust to substantial departures from the unconfoundedness

assumption. See Appendix Sections H.1 and H.3.

36
The effects on lethal violence against civilians are more uncertain because of greater heterogeneity in lethal attacks.

The point estimates follow a similar pattern. See Appendix Section G.2 for the full results.
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Figure 6: Frontier plagues push insurgent activity beyond pre-outbreak areas of operation.
The map (left) shows the locations of insurgent bases in northeastern DRC with 50 and 100 km rings.

The line plot (right) shows the cumulative share of weekly violence against civilians by distance to

the nearest base. Only 49% of the effect occurs within 100 km of pre-outbreak bases. The treatment

contrast compares 1 versus 6 daily Ebola cases.

Observable implications of frontier plagues. I now move beyond the aggregate pattern in Fig-

ure 5 to test three observable implications of the frontier-plague theory. First, insurgents should

project power beyond their bases. Because armed groups’ ability to project power declines with dis-

tance from their strongholds (Boulding, 1962; Buhaug, 2010), insurgent operations usually remain

near their bases. Frontier plagues should disrupt this pattern: state redeployment to the epicenter

pulls insurgents outward and spreads violence across a wider area. Second, insurgents should avoid

direct confrontation where state forces are concentrated. Since Ebola treatment centers served as

focal points of state deployment during the 2018–2020 outbreak, battles should decline near these

facilities.
37
Third, insurgents should act strategically rather than in response to grievances. Preexist-

ing grievances should therefore not moderate the effect of frontier plagues on violence. I test each

implication in turn.

To examine whether insurgents operate beyond their bases, I infer insurgent base locations from

pre-outbreak data and estimate the cumulative effects of frontier plagues on violence as a function

of distance from those locations.
38

I find that violence disperses well beyond pre-outbreak areas of

37
Although the spatial and tactical substitution hypotheses state this prediction at the regional level, the same logic

applies within the epicenter.

38
I first identify locations of insurgent-perpetrated violence against civilians in the year before the outbreak (August

2017–July 2018) and infer base locations using Gaussian mixture model clustering. I use violence against civilians because

these events are unilateral and directly reflect perpetrators’ areas of control. I select the number of clusters using the

Bayesian Information Criterion. I then compute the distance from each location in the study area to the nearest inferred
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operation (Figure 6). Under the treatment contrast of 1 versus 6 daily Ebola cases, only 22% and 49%

of violence against civilians occurs within 50 and 100 km of the nearest pre-outbreak insurgent base,

respectively. This geographic displacement suggests that epidemic response alters the local balance

of territorial control. The influx of state capacity challenges rebel control in the epicenter by forcing

insurgents to project power beyond their original areas of operation. Frontier plagues thus disrupt

the loss-of-strength gradient emphasized by Boulding (1962) and Buhaug (2010).

The dispersal of violence beyond pre-outbreak base areas reflects the geography of state response

rather than insurgent withdrawal from epicenters. Major Ebola treatment centers were located in

large cities such as Beni, Butembo, Mambasa, Bunia, and Goma (see Appendix C.2), which lie outside

the rural and forested peripheries where insurgents typically operate. Insurgents extend operations

outward from pre-outbreak base concentrations across the broader rural periphery, consistent with

the breakdown of the loss-of-strength gradient described above.

Further, insurgents avoid areas where the state concentrates its forces.
39
The effect of intensifying

frontier plagues on battles is negative and statistically significant near Ebola treatment centers, but

indistinguishable from zero farther away (Figure 7, Panel A). The lines in Panel A trace the conditional

average treatment effects for treatment contrasts of 2, 4, and 6 daily Ebola cases relative to 1, and the

shaded bands denote confidence intervals for the 6-case contrast. Areas closer to treatment centers,

captured by higher proximitymeasures near 1, exhibit significantlymore negative conditional average

treatment effects than areas farther away. The dose-response relationship suggests that as frontier

plagues intensify, insurgents increasingly avoid zones of concentrated state capacity.

Moreover, preexisting grievances do not affect insurgent strategies.
40

I find that neither poverty

nor infant mortality moderates the effect of intensifying frontier plagues (Figure 7, Panel B). Poverty

captures material deprivation, and infant mortality captures weak public health infrastructure. If

the effect were grievance driven, areas with higher poverty or worse infant mortality should exhibit

stronger treatment effects. Yet the estimated conditional average treatment effects are flat across both

moderators. The conflict-inducing effect of frontier plagues therefore does not appear to depend on

baseline deprivation. These null moderation results support the theory’s third implication: insurgent

elites adapt strategically to shifts in state presence and territorial control, not because preexisting

base and examine how the cumulative effects of frontier plagues on violence vary with distance from those bases.

39
I estimate heterogeneous treatment effects by proximity to Ebola treatment centers. I construct a time-varying prox-

imity measure that assigns values near 1 to locations at a treatment center and values near 0 to distant locations. I then

estimate conditional average treatment effects of intensified frontier plagues on battles as a function of this proximity

measure. See Appendix Section C.2 for details.

40
I use the 2013–14 DRCDemographic andHealth Survey (DHS) to construct twomoderators: the proportion of house-

holds in poverty and the infantmortality rate (IMR), both aggregated to the admin-2 level. Poverty is defined as households

with a DHSwealth index in the bottom two quintiles. The IMR is computed from the DHS birth historymodule. I employ

the DHS because Afrobarometer data are not available for the DRC. See Appendix Section C.3 for the spatial distribution

of these moderators.
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Figure 7: Insurgents strategically avoid areas of state capacity expansion. Panel A shows that

battles decrease in areas closer to ETCs, with a clear dose-response relationship by daily Ebola case

counts. Panel B shows that poverty (left) and infant mortality (right) do not moderate the effect on

battles. Shaded bands denote 95% confidence intervals for 6 daily cases. CATE: conditional average

treatment effects; ETC: Ebola treatment centers; IMR: infant mortality rate.

grievances amplify mobilization.

An alternativemechanism: contagion avoidance. The empirical findings so far support the the-

ory of frontier plagues, but they could also follow from an alternative mechanism: insurgents avoid

direct contact during frontier plagues to reduce the risk of infection. The decline in battles would

reflect delayed confrontation until the state contains the epidemic, after which insurgents reengage.

The avoidance of Ebola treatment centers would stem from efforts to avoid areas with high infec-

tion risk. The rise in violence against civilians would indicate a shift toward indirect tactics, such as

shooting from a distance, that allow insurgents to continue extracting from civilians (e.g., Weinstein,

2007) while limiting their exposure to patients.

I test this alternative mechanism in three ways. First, I estimate the effects of intensifying fron-

tier plagues on forms of violence that require direct contact with targets, which directly examines

whether insurgents shift from direct to indirect tactics (e.g., Balcells, 2011) when the risk of infection

increases. Second, I de-intensify Ebola from themedian number of cases and estimate the subsequent

effects on violence. If insurgents wait for the state to contain the epidemic before reemerging, then

violence should increase as the number of Ebola patients decreases. Third, I conduct a causal medi-

ation analysis that increases the proportion of patients with bleeding while holding the number of

Ebola cases constant.
41

If insurgents avoid violence because they fear contagion, the indirect effect

through visible disease severity should be statistically significant.

None of the three tests, however, supports the alternative mechanism (see Appendix G.3). Intensi-

fying frontier plagues neither reduces direct tactics nor increases indirect tactics. Deescalating Ebola

41
See Appendix A.3 for methodological details and Appendix F.6 for model validation.
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cases does not increase violence. Clinical symptoms also do not mediate the effects, which suggests

that insurgents respond not to the risk of infection but to state-capacity surges under uncertainty

about epidemic progression.

Taken together, the empirical results presented in this section demonstrate that frontier plagues

intensify civil conflict and induce spatial and tactical substitutions of violence. The cross-epidemic

comparison shows that this effect depends on the combination of high disease burden and frontier

political geography (H1). The within-epidemic analysis identifies the mechanism: as frontier plagues

intensify, state-capacity deployment to the epicenter triggers insurgent adaptation (H2 and H3). In-

surgents withdraw fromneighboring regions, avoid direct confrontationwhere state presence is con-

centrated, and shift strategically to violence against civilians. These shifts are not well explained by

contagion avoidance.

6 Conclusion

Despite the large, influential body of literature on exogenous shocks and civil conflict, political sci-

entists have paid surprisingly little attention to the role of epidemics in civil conflict. The existing

literature mostly focuses on a single disease outbreak and is thus agnostic to how medical aspects of

the shock affect civil conflict. I argue here that the combination of high disease burden and frontier

political geography intensifies civil conflict and produces spatial and tactical substitutions of violence.

Frontier plagues thus create a containment trap, in which efforts to contain a severe epidemic put the

civilians they aim to protect at greater risk.

The findings broaden how civil war scholarship theorizes exogenous shocks and civilian victim-

ization. Existing accounts emphasize how shocks alter resources, grievances, opportunity costs, or

fiscal capacity at national or provincial scales (e.g., Bazzi and Blattman, 2014; Dube and Vargas, 2013;

Koubi, 2019; Nielsen et al., 2011). Frontier plagues operate differently: they relocate state power at a

local and temporary scale through specialized containment capacity that insurgents cannot capture

or credibly provide. The implication for theories of civilian victimization (e.g., Kalyvas, 2006; Wood,

2014; Sexton, 2016; Crost, Felter and Johnston, 2014) is that collaboration is not a fixed category. Cri-

sis response can make ordinary acts of civilian compliance, such as seeking treatment or reporting

symptoms, politically consequential in contested territory.

These findings carry direct implications for outbreak response and civil-military coordination.

Response strategies should anticipate insurgent adaptation from the outset, rather than focus only on

epidemiological containment and security around treatment centers. When protection concentrates

around healthcare facilities, insurgents might shift violence toward less protected civilians nearby.

Outbreak response should therefore extend civilian protection beyond treatment facilities, use real-
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time conflict-event data as a first-order input to the riskmodels and situational dashboards that guide

deployment, and align humanitarian access with patterns of territorial control as well as disease

spread. The implication is not to demilitarize healthcare in every setting. Rather, it is to treat the

population of the outbreak epicenter, not only the treatment centers, as the protected unit.

The theory also suggests several directions for future research. First, future work should exam-

ine how the strategic logic changes when localized epidemics become pandemics. Pandemics cover

larger territories and might weaken the localized power shifts that drive the frontier-plague mech-

anism. Second, the framework points to longer-run effects on state-society relations and insurgent

organization in contested frontier regions. Crisis-driven state reach might recede after containment,

but the political consequences of surveillance, coercion, and service provisionmight persist. State ca-

pacitymight itself be shaped by the long-run cumulative impact of epidemics. The analyses presented

here focus on short-run effects within a weekly or daily window, yet future research should exam-

ine how repeated outbreaks reshape state-society relations and institutional capacity in the long run.

Third, cross-border contagion risk and weak host capacity may create openings for foreign subver-

sion, especially where neighboring states can exploit public health emergencies to undermine host

authority (Lee, 2020). Future research should examine how contagion risk, neighbor capacity, and

border permeability shape these forms of intervention.

Frontier plagues show that epidemics are not merely background conditions for civil war. They

are political shocks that can relocate state power, alter insurgent strategy, and transform civilian com-

pliance into a target of coercion. For populations exposed to both infection and insurgent violence,

containment is therefore not only a medical challenge. It is also a problem of civilian protection in

contested territory.
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A Spatiotemporal Causal Inference Design

In this section, I introduce formal definitions of the causal estimands, assumptions, and estimators for

average treatment effects (ATE), heterogeneous treatment effects, and causal mediation analysis. In so

doing, I closely followMukaigawara et al. (2025). Full technical details of the ATE, heterogeneity, me-

diation framework are provided in Papadogeorgou et al. (2022), Zhou et al. (2024), and Mukaigawara

et al. (2025), respectively. This appendix closely follows Mukaigawara et al. (2025).

A.1 Average Treatment Effects

Causal estimands The causal estimands for the ATE represent the difference in the expected num-

ber of political violence events in a given region and time period under two different stochastic inter-

ventions. In the patient-level setting, one such estimand is the expected daily counts of lethal violence

against civilians when Ebola cases are concentrated in frontier regions, compared with when they are

concentrated in central regions. Rather than assigning a binary treatment to discretized spatial units,

I employ a stochastic intervention framework in which treatment is represented as a time series of

density maps (e.g., density maps of Ebola patient locations).

Formally, I first define the expected number of political violence events in a certain region 𝐵 and

time period 𝑡 under a certain stochastic intervention 𝐹 as follows (Papadogeorgou et al., 2022),

𝑵𝐵𝑡 (𝐹, 𝐿) =
∫
W

· · ·
∫
W

𝑁𝐵

(
𝑌𝑡 (𝑾𝑡−𝐿,𝑤𝑡−𝐿+1, · · · ,𝑤𝑡)

)
d𝐹 (𝑤𝑡−𝐿+1) · · · d𝐹 (𝑤𝑡), (1)

where𝐵 is the region of interest (e.g., northeast DRC)within the full geographic spaceΩ (entire DRC);

𝐹 is a stochastic intervention (e.g., a distribution placing more patients in the frontier, encoded as a

time series of maps); 𝐿 is the number of intervened periods (e.g., days);𝑁𝐵 (·) is the count of outcome

events in region 𝐵; 𝑾𝑡−𝐿 is the observed treatment history during the pre-intervention period up

to 𝑡 − 𝐿; and 𝑤𝑡 denotes the intervention at time 𝑡. In words, 𝑵𝐵𝑡 (𝐹, 𝐿) is the expected number of

political violence events observed in region 𝐵 at time 𝑡 after 𝐿 periods of exposure to the stochastic

intervention 𝐹.42

Notice that 𝑵𝐵𝑡 (𝐹, 𝐿) is defined for a single time period 𝑡 ∈ {1, . . . , 𝑇 } under a single inter-
vention 𝐹. To obtain a causal effect, we take the temporal average of these period-specific quantities

and then compare the resulting averages across interventions. Formally, the temporal average of

42
The integral yields an expected count measure because we employ a Poisson point process. See Papadogeorgou et al.

(2022) and Mukaigawara et al. (2025) for details.
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𝑵𝐵𝑡 (𝐹, 𝐿) is defined as

𝑵𝐵 (𝐹, 𝐿) =
1

𝑇 − 𝐿 + 1

𝑇∑︁
𝑡=𝐿

𝑵𝐵𝑡 (𝐹, 𝐿) (2)

and the comparison between two interventions 𝐹′
and 𝐹′′

is defined as,

𝜏𝐵 (𝐹′,𝐹′′, 𝐿) =𝑵𝐵 (𝐹′, 𝐿) −𝑵𝐵 (𝐹′′, 𝐿). (3)

For example, 𝐹′
represents a stochastic intervention that shifts more patients into frontier regions,

while 𝐹′′
represents one that shifts patients into central regions. Equation (3) therefore captures the

effect of epidemics in the frontier relative to epidemics in the center.

Causal assumptions The identification strategy relies on unconfoundedness and overlap assump-

tions. The unconfoundedness assumption requires that the treatment point pattern at each time pe-

riod is conditionally independent of all potential outcomes, given the observed history of past treat-

ments. In practice, it means that the treatment assignment is random given observed covariates.

Formally, the following equation should hold:

𝑓(𝑊𝑡 | 𝑾𝑡−1,Y𝑇 ,X𝑇 ) = 𝑓(𝑊𝑡 | 𝐻𝑡−1)

where Y𝑇 represents the collection of potential outcomes for all time periods and treatment se-

quences;X𝑇 denotes the collection of potential values of covariates for all time periods and treatment

sequences; and𝐻𝑡−1 = {𝑾𝑡−1,𝒀𝑡−1,𝑿𝑡}.
The overlap assumption states that the probability of observing hypothetical treatment patterns

under the stochastic intervention is non-zero, and thus the counterfactual interventions that we de-

sign are realistic. Formally, there exists a positive constant 𝛿 such that

𝑓(𝑤 | 𝐻𝑡−1)
𝑒𝑡 (𝑤) > 𝛿

for all 𝑤 ∈ W, where 𝑒𝑡 (𝑤) = 𝑓(𝑊𝑡 = 𝑤 | 𝐻𝑡−1) represents the propensity score at time 𝑡.

Estimators Under these assumptions, the estimand is identified by an inverse probability of treat-

ment weighting (IPW) estimator with two components: weights and spatially smoothed outcomes.

The weights quantify how likely the realized treatment pattern is under the intervention 𝐹 relative

to its propensity under the observed data-generating process. Formally, the weight assigned to time
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period 𝑡 under intervention 𝐹 is

𝜁𝑡 (𝐹 ,𝐿) =
𝑡∏

𝑡′=𝑡−𝐿+1

𝑓(𝑊𝑡′)
𝑒𝑡′ (𝑊𝑡′)

. (4)

In words, the overall weight is the product of time-specific weights, each of which reflects how likely

the realized treatment pattern would be under the hypothetical intervention relative to its likelihood

under the observed data (the propensity score).

Additionally, using kernel smoothing, the spatially-smoothed outcome at time 𝑡 is given by,

𝑌𝑡 (𝜔) =
∑︁
𝑠∈𝑆𝑌𝑡

𝐾𝑏 ( | |𝜔 − 𝑠| |), 𝜔 ∈ Ω,

with 𝐾𝑏 (𝑢) = 𝑏−1𝐾 (𝑢/𝑏) being a kernel; 𝑏 representing a bandwidth parameter 𝑏; and | | · | | repre-
senting the Euclidean norm.

A combination of weights and spatially-smoothed outcomes defines the weighted smoothed out-

come surface 𝑌𝑡 : Ω → R+
as 𝑌𝑡 (𝐹 ,𝐿;𝜔) = 𝜁𝑡 (𝐹 ,𝐿)𝑌𝑡 (𝜔). Integrating the weighted smoothed

outcome surface over region 𝐵 gives us the estimators of𝑵𝐵𝑡 (𝐹 ,𝐿), its temporal average𝑵𝐵 (𝐹 ,𝐿),
and 𝜏𝐵 (𝐹′,𝐹′′, 𝐿):

𝑵𝐵𝑡 (𝐹 ,𝐿) =
∫
𝐵
𝑌𝑡 (𝐹 ,𝐿;𝜔)d𝜔, (5)

𝑵𝐵 (𝐹 ,𝐿) =
1

𝑇 − 𝐿 + 1

𝑇∑︁
𝑡=𝐿

𝑵𝐵𝑡 (𝐹 ,𝐿), (6)

𝜏̂(𝐹′,𝐹′′, 𝐿) =𝑵𝐵 (𝐹′, 𝐿) −𝑵𝐵 (𝐹′′, 𝐿). (7)

Because the IPW estimator might become unstable when propensity scores are small, I employ its

normalized analog, the Hájek estimator, throughout this article.

A.2 Heterogeneous Treatment Effects

Causal estimands To examine effect heterogeneity, I estimate causal effects at the pixel level. The

pixel-level conditional ATE (CATE) is then aggregated by averaging within levels of the moderator. I

characterize the relationship between pixel-level CATEs and the moderator using a linear projection

and then average these effects across time periods (Zhou et al., 2024).

Formally, I first partition the entire space of interestΩ into 𝑝 disjoint pixels: Q = {𝑄1, · · · ,𝑄𝑝}.
Then, the pixel-level CATE of pixel 𝑖 ∈ {1, 2, · · · ,𝑝} and the comparison between two interventions
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are defined as,

𝑵𝑖𝑡 (𝐹 ,𝐿) =
∫
W

· · ·
∫
W

𝑁𝑄𝑖

(
𝑌𝑡 (𝑾𝑡−𝐿,𝑤𝑡−𝐿+1, · · · ,𝑤𝑡)

)
d𝐹 (𝑤𝑡−𝐿+1) · · · d𝐹 (𝑤𝑡),

𝜏𝑖𝑡 (𝐹′,𝐹′′, 𝐿) =𝑵𝑖𝑡 (𝐹′, 𝐿) −𝑵𝑖𝑡 (𝐹′′, 𝐿).

I then take the average of 𝜏𝑖𝑡 (𝐹′,𝐹′′, 𝐿) for each moderator value. Let 𝑹𝑖𝑡 ∈ R be the vector-value

of the potential moderator in pixel 𝑄𝑖 at time 𝑡. Then, the average of pixel-level CATEs for a given

moderator value 𝒓 ∈ R is defined as,

𝜏𝑡 (𝐹′,𝐹′′, 𝐿; 𝒓) = 1∑𝑝
𝑖=1 𝐼 (𝑹𝑖,𝑡−𝐿+1 = 𝒓)

𝑝∑︁
𝑖=1

𝜏𝑖𝑡 (𝐹′,𝐹′′, 𝐿)𝐼 (𝑹𝑖,𝑡−𝐿+1 = 𝒓), (8)

where 𝐼 denotes the indicator function.

The next step is to regress the average pixel-level CATEs on moderator values, which yields the

time-specific projection estimand, 𝜏̃𝑡 (𝐹′,𝐹′′, 𝐿;𝑹𝑡−𝐿+1, 𝜷∗𝑡 ), where

𝜷∗𝑡 = argmin

𝜷𝑡

𝑝∑︁
𝑖=1

(
𝜏𝑡 (𝐹′,𝐹′′, 𝐿;𝑹𝑖,𝑡−𝐿+1) − 𝜏̃𝑡 (𝐹′,𝐹′′, 𝐿;𝑹𝑖,𝑡−𝐿+1, 𝜷𝑡)

)
2

with the following projection model that minimizes the mean square error,

𝜏̃𝑡 (𝐹′,𝐹′′, 𝐿; 𝒓, 𝜷𝑡) =
𝐾∑︁
𝑘=1

𝛽𝑡𝑘𝑧𝑘 (𝒓) = 𝒛(𝒓)⊤𝜷𝑡

with known functions 𝒛(𝒓) = [𝑧1(𝒓), · · · , 𝑧𝐾 (𝒓)]⊤. The temporal average is then given by,

𝜏̃(𝐹′,𝐹′′, 𝐿; 𝒓, 𝜷∗𝐿, · · · 𝜷∗𝑇 ) =
1

𝑇 − 𝐿 + 1

𝑇∑︁
𝑡=𝐿

𝜏̃𝑡 (𝐹′,𝐹′′, 𝐿;𝑹𝑖,𝑡−𝐿+1 = 𝒓, 𝜷∗𝑡 ).

Causal assumptions and estimators To estimate heterogeneous treatment effects, I rely on the un-

confoundedness and overlap assumptions for the ATE. Under these assumptions, I apply Equations (5)

and (7) to pixel 𝑄𝑖 as follows,

𝑵𝑖𝑡 (𝐹 ,𝐿) =
∫
𝑄𝑖

𝑌𝑡 (𝐹 ,𝐿;𝜔)d𝜔, and 𝜏̂𝑖𝑡 (𝐹′,𝐹′′, 𝐿) =𝑵𝑖𝑡 (𝐹′, 𝐿) −𝑵𝑖𝑡 (𝐹′′, 𝐿).
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Then the coefficient estimates are obtained by,

𝜷𝑡 = argmin

𝜷𝑡

(
𝝉𝑡 − 𝒁𝑡𝜷𝑡

)⊤ (
𝝉𝑡 − 𝒁𝑡𝜷𝑡

)
,

with 𝝉𝑡 = (𝜏̂1𝑡 (𝐹′,𝐹′′, 𝐿), · · · 𝜏̂𝑝𝑡 (𝐹′,𝐹′′, 𝐿))⊤ representing the vector of causal effect estimators; and

𝒁𝑡 = [𝒛(𝑹1,𝑡−𝐿+1), · · · , 𝒛(𝑹𝑝,𝑡−𝐿+1)]⊤ denoting the matrix of 𝑝 moderators. The projection CATE

estimator is then obtained as follows:

𝜏̂
Proj.

𝐹′,𝐹′′ (𝒓; 𝜷∗𝐿, · · · 𝜷∗𝑇 ) = 𝒛(𝒓)⊤
(

1

𝑇 − 𝐿 + 1

𝑇∑︁
𝑡=𝐿

𝜷𝑡
)
.

Normalizing the weights produces Hájek estimators.

A.3 Causal Mediation Analysis

Causal estimands Causal estimands for mediation analysis are defined analogously to those for the

ATE, with the key difference that the mediator is now incorporated. Let𝑀𝑡 (𝑠) denote the mediator

at location 𝑠 ∈ Ω. For simplicity, I consider a binary mediator 𝑀𝑡 (𝑠) ∈ M = {0, 1} indicating
the presence of a symptom (e.g., hemorrhage). Let 𝑀𝑡 = {𝑀𝑡 (𝑠) : 𝑠 ∈ Ω} denote the collection of

mediator values across all locations, with its realization 𝑚𝑡 , and let the mediator history be 𝑴𝑡 =

(𝑀1,𝑀2, . . . ,𝑀𝑡) with realized history 𝒎𝑡 . With these definitions, Equations (1), (2), and (3) can be

redefined to incorporate the mediator as follows,

𝑵med

𝐵𝑡 (𝐹 ,𝐿) =
∫

(W,M)

· · ·
∫

(W,M)

𝑁𝐵

(
𝑌𝑡 (𝑾𝑡−𝐿,𝑴𝑡−𝐿,𝑤𝑡−𝐿+1,𝑚𝑡−𝐿+1, . . . ,𝑤𝑡,𝑚𝑡)

)
d𝐹 (𝑤𝑡−𝐿+1,𝑚𝑡−𝐿+1) · · · d𝐹 (𝑤𝑡,𝑚𝑡),

𝑵med

𝐵 (𝐹 ,𝐿) = 1

𝑇 − 𝐿 + 1

𝑇∑︁
𝑡=𝐿

𝑵med

𝐵𝑡 (𝐹 ,𝐿),

𝜏med

𝐵 (𝐹′,𝐹′′, 𝐿) =𝑵med

𝐵 (𝐹′, 𝐿) −𝑵med

𝐵 (𝐹′′, 𝐿),

where two stochastic interventions, 𝐹′ = (𝐹′
𝑊,𝐹

′
𝑀 |𝑤) and 𝐹

′′ = (𝐹′′
𝑊,𝐹

′′
𝑀 |𝑤), jointly specify both the

treatment and mediator distributions. These definitions allow us to decompose the total effect into

a direct effect, given by changing the treatment distribution while holding the mediator distribution

fixed, and an indirect effect, given by changing the mediator distribution while keeping the treatment

distribution unchanged.
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Causal assumptions and estimators To perform causal mediation analysis, the identification as-

sumptions should change by incorporating the presence of the mediator. In this setup, a stochastic

intervention 𝐹 is redefined as 𝐹 = (𝐹𝑊 ,𝐹𝑀 |𝑤), with the second element 𝐹𝑀 |𝑤 representing the con-

ditional distribution of the mediator given treatment. Then, the unconfoundedness assumption is

equivalent to stating both the treatment and mediator assignment are independent of any potential

outcomes and potential values of time-varying confounders given the observed history. Formally, the

following two equations should hold:

𝑓(𝑊𝑡 | 𝑾𝑡−1,𝑴𝑡−1,Y𝑇 ,X𝑇 ) = 𝑓(𝑊𝑡 | 𝐻𝑡−1),

𝑓(𝑀𝑡 | 𝑾𝑡,𝑴𝑡−1,Y𝑇 ,X𝑇 ) = 𝑓(𝑀𝑡 | 𝑊𝑡,𝐻𝑡−1).

Next, the overlap assumption is restated by considering the distribution of themediator. Similarly

to the propensity score, let 𝜌𝑡 (𝑚) = 𝑓(𝑚 | 𝐻𝑡−1,𝑊𝑡) represent the mediator score. Then, the

assumption states that there exist positive constants 𝛿𝑊, 𝛿𝑀 such that

𝑓(𝑤 | 𝐻𝑡−1)
𝑒𝑡 (𝑤) > 𝛿𝑊 and

𝑓(𝑚 | 𝐻𝑡−1,𝑊𝑡 = 𝑤)
𝜌𝑡 (𝑚) > 𝛿𝑀.

for all 𝑤 ∈ W and𝑚 ∈ M .

With the restated assumptions, the causal estimators are defined by incorporating the density

ratio of mediators. Formally, consider an intervention𝐹 = (𝐹𝑊,𝐹𝑀 |𝑤) with corresponding densities
𝑓𝑊,𝑓𝑀 |𝑤 . Then, the weight at time period 𝑡 is defined as

𝜉𝑡 (𝐹 ,𝐿) =
𝑡∏

𝑡′=𝑡−𝐿+1

𝑓𝑊(𝑊𝑡′)𝑓𝑀 |𝑊𝑡′
(𝑀𝑡′)

𝑒𝑡′ (𝑊𝑡′)𝜌𝑡′ (𝑀𝑡′)
.

Finally, the estimators with mediators are defined by replacing 𝜁𝑡 (𝐹 ,𝐿) in the estimators for ATE by

𝜉𝑡 (𝐹 ,𝐿):

𝑌med

𝑡 (𝐹, 𝐿;𝜔) = 𝜉𝑡 (𝐹 ,𝐿)𝑌𝑡 (𝜔), 𝑵med

𝐵𝑡 (𝐹 ,𝐿) =
∫
𝐵
𝑌med

𝑡 (𝐹, 𝐿;𝜔)d𝜔,

𝑵med

𝐵 (𝐹 ,𝐿) = 1

𝑇 − 𝐿 + 1

𝑇∑︁
𝑡=𝐿

𝑵med

𝐵𝑡 (𝐹 ,𝐿), 𝜏̂med

𝐵 (𝐹′,𝐹′′, 𝐿) =𝑵med

𝐵 (𝐹′, 𝐿) −𝑵med

𝐵 (𝐹′′, 𝐿).

I use the Hájek estimator throughout this article, which are asymptotically normal and more efficient

than the IPW estimators (Zhou et al., 2024; Mukaigawara et al., 2025).
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B Microlevel Data and Context

B.1 Outbreak-level Data

I collect all reliable and available evidence regarding the locations of Ebola, Marburg, cholera, and

meningococcal meningitis outbreaks in sub-Saharan Africa. Figure S1 summarizes the literature

search strategies. I first collect spatiotemporal information about Ebola,Marburg, cholera, andmeningo-

coccal meningitis outbreaks in sub-Saharan Africa from 2011 to 2020 using key published literature

(Moore et al., 2017; Cuomo-Dannenburg et al., 2024; Pigott et al., 2014) and the Emergency Events

(EM-DAT) Database (see www.emdat.be). The information obtained from the literature is then ex-

tended and confirmed by reviewing official sources of the US CDC and WHO, as well as EM-DAT

database and published literature.

Primary sources

Ebola 
eLife 2014


Marburg 
Lancet Inf Dis 2024


Cholera 
PNAS 2017


Meningococcal meningitis

EM-DAT database


Confirmatory sources

Ebola 
CDC, WHO, EM-DAT

Published literature


Marburg 
EM-DAT

Published literature


Cholera 
EM-DAT

Published literature


Meningococcal meningitis

Published literature


Included cases (2011-2020)

Ebola 
N = 15


Marburg 
N = 5


Cholera 
N = 867


Meningococcal meningitis

N = 35


Figure S1: Search strategies for the outbreak-level data. Spatiotemporal information about epi-

demics in sub-SaharanAfrica is confirmed by official sources from theUSCenters forDiseaseControl

and Prevention (CDC), WHO, EM-DAT database, and published literature.
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B.2 Patient-level Line List

Table S1: Characteristics of Ebola and non-Ebola Patients. A total of 44,331 Ebola cases and 42,597

non-Ebola cases during the 2018–2020 Ebola outbreak is summarized after excluding cases with no or

unreliable geolocation information. Patients determined not to be Ebola cases are also excluded from

analyses. Bleeding refers to any internal or external bleeding symptoms. Case definitions follow the

WHO’s standard case definitions, with confirmed cases requiring laboratory confirmation (positive

IgM antibody, positive PCR or viral isolation) (World Health Organization, 2014; Medley et al., 2020).

All (Ebola) Confirmed Probable Suspected Not Ebola
𝑛 = 44, 331 𝑛 = 3, 163 (7.1%) 𝑛 = 136 (0.3%) 𝑛 = 41, 032 (93%) 𝑛 = 42, 597

Age group (years)
0-9 13,724 (31%) 631 (20%) 41 (30%) 13,052 (32%) 11,637 (28%)

10-19 7,959 (18%) 410 (13%) 15 (11%) 7,534 (18%) 7,825 (19%)

20-29 8,679 (20%) 748 (24%) 22 (16%) 7,909 (19%) 8,871 (21%)

30-39 5,495 (12%) 554 (18%) 17 (13%) 4,924 (12%) 5,325 (13%)

40-49 3,110 (7.1%) 368 (12%) 12 (8.8%) 2,730 (6.7%) 3,112 (7.4%)

50-59 1,960 (4.4%) 240 (7.6%) 13 (9.6%) 1,707 (4.2%) 1,981 (4.7%)

60-69 1,630 (3.7%) 147 (4.6%) 10 (7.4%) 1,473 (3.6%) 1,524 (3.6%)

70-79 924 (2.1%) 52 (1.6%) 3 (2.2%) 869 (2.1%) 983 (2.3%)

80-89 441 (1.0%) 12 (0.4%) 1 (0.7%) 428 (1.1%) 600 (1.4%)

90+ 133 (0.3%) 0 (0%) 2 (1.5%) 131 (0.3%) 237 (0.6%)

Gender
Female 22,605 (51%) 1,805 (57%) 65 (48%) 20,735 (51%) 20,621 (49%)

Male 21,647 (49%) 1,358 (43%) 71 (52%) 20,218 (49%) 21,813 (51%)

Status
Alive 35,437 (80%) 1,140 (36%) 0 (0%) 34,297 (84%) 34,372 (81%)

Dead 8,793 (20%) 2,023 (64%) 136 (100%) 6,634 (16%) 8,045 (19%)

Symptoms
Fever 27,621 (67%) 1,940 (68%) 90 (85%) 25,591 (67%) 17,846 (46%)

Bleeding 4,317 (11%) 535 (19%) 58 (49%) 3,724 (9.8%) 3,441 (8.6%)

Headache 22,268 (56%) 1,698 (62%) 59 (66%) 20,511 (56%) 21,696 (58%)

Myalgia 8,655 (23%) 1,025 (40%) 22 (31%) 7,608 (22%) 8,881 (25%)

Dyspnea 5,173 (14%) 428 (17%) 23 (32%) 4,722 (14%) 4,920 (14%)

B.3 Ethical Considerations

The patient-level Ebola data analyzed in this article are operational surveillance records originally

compiled by the Democratic Republic of the Congo Ministry of Health, the World Health Organi-

zation, and humanitarian medical organizations during the 2018–2020 outbreak response. Harvard

University’s Institutional Review Board reviewed and approved the study (IRB 23-0440) and granted

a waiver of individual consent because the records were collected for public health response, re-

consent across 44,331 records from an active conflict zone would be impracticable, and secondary

analysis poses minimal incremental risk relative to the original data collection.

The study follows the American Political Science Association’s Principles and Guidance for Human
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Subjects Research, with particular attention to consent, confidentiality, and harm. The records con-

cern a vulnerable population: Ebola patients in a region of protracted civil conflict. Re-identification

could expose individuals or households to stigma, retaliation, or denial of services (Hoover Green

and Cohen, 2021). To mitigate these risks, direct identifiers, including names and exact addresses,

were removed before analysis. No attempt was made to re-identify individuals or households from

the surveillance records. Geographic information is reported only as smoothed kernel-density sur-

faces, and all spatial outputs were reviewed to ensure that maps do not reveal exact case locations.

The manuscript and appendix include no individual case narratives or identifying combinations of

covariates. The de-identified working dataset is stored on a secure hardware drive and is available

only to personnel listed on the IRB protocol.

For replication, I will deposit the materials on the APSR Dataverse, including code, propensity-

score specifications, counterfactual definitions, and aggregated outcome counts. The underlying

patient-level records and the hyperframes generated from them cannot be publicly redistributed be-

cause public releasewould violate the data-sharing agreement and create unjustifiable re-identification

risks. Researchers with appropriate ethical approval may request access through the data-stewarding

institution. These protections preserve transparency while limiting risks to individuals and house-

holds represented in the surveillance records.

B.4 ACLED Dataset

One key concern for newspaper-based datasets is that reporting frequency may decline during ex-

ogenous shocks, including disease epidemics. However, inspection of temporal trends from 1997 to

2020 shows no observable change in the reporting of political violence in Ituri, North Kivu, or South

Kivu between 1997–2017 and 2018–2020 (Figure S2).
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Figure S2: Trends in ACLED reports in northeast DRC, 1997-2020. Gray lines show trends for

years 1997-2020. All counts are aggregated at the weekly level.
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Within-outbreakACLED coverage. ACLED coverage could decline when violence intensifies and

generate a spurious correlation between Ebola case counts and recorded violence. I test this with an

event-study of weekly ACLED counts at admin1 × week resolution in Ituri, Nord-Kivu, and Sud-

Kivu, centered on the February 18, 2019 surge onset (the same surge date used as a covariate in the

propensity score model). Event time 𝜏 is measured in weeks relative to surge onset, with 𝜏 = −1
as the omitted baseline. The event window spans 𝜏 ∈ [−4,+16]: four weeks of pre-surge baseline,
the full surge period, and two post-surge weeks. The regression includes admin1 fixed effects with

heteroskedasticity-robust standard errors.

Figure S3 presents the event-study coefficients. ACLED reporting volume does not systematically

decline during the surge period. Coefficients across 𝜏 ≥ 0 are scattered around zero, with most

individual point estimates statistically indistinguishable from the pre-surge baseline. The within-

outbreak variation in ACLED coverage therefore does not track Ebola case counts.
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Figure S3: Event study of weekly ACLED counts around the February 18, 2019 Ebola surge
onset. Points are OLS coefficients from a regression of weekly ACLED event counts on event-time

indicators 𝜏 ∈ [−4,+16] (weeks relative to surge onset, with 𝜏 = −1 omitted), estimated at the

admin1 ×week level across Ituri, Nord-Kivu, and Sud-Kivu. The model includes admin1 fixed effects.

Vertical bars are 95% confidence intervals based on heteroskedasticity-robust standard errors. The

dashed vertical line marks surge onset (𝜏 = 0); the dashed horizontal line marks zero.
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C Data-Generating Process

C.1 Geolocations of Ebola Patients

The line-list data record each patient’s residence, location of onset, and locations of hospitals using at

most five text fields (country, province (district), health zone (sous-coordination), parish (aire de santé),

and village) but contain no geographic coordinates. I therefore build a geocoding pipeline that assigns

latitude–longitude pairs to all patient records. The pipeline proceeds in five stages.

Stage 1. Text normalization. All five location fields are converted to uppercase, trimmed of lead-

ing and trailing whitespace, stripped of diacritics and stray special characters (e.g., ?, £, 2), and stan-

dardized so that hyphens and slashes are consistently formatted. Literal string “NA” entries are con-

verted to missing values. Compound village names separated by “/” are split into primary and sec-

ondary components.

Stage 2. Column misplacement repair. Because the data contain frequent column misplace-

ments,
43
I detect such errors by checking whether values in each column match canonical name sets

from the reference gazetteer described below (i.e., the 26 DRC province names from GADM and the

519 health zone names from the GRID3/OCHA shapefile). When amisplacement is detected, the value

is shifted to the appropriate column and the source column is corrected (e.g., the country field is set to

“RDC”). Missing province values are inferred from the patient’s matched health zone using a health

zone–to–province lookup derived from the same shapefile, where available.

Stage 3. Hierarchical fuzzy matching. After normalization and repair, each location field is

matched against a reference gazetteer. The gazetteer combines two sources: (i) administrative bound-

ary centroids from the Database of Global Administrative Areas (GADM, version 4.1; GADM, 2024)

at the province level (26 provinces), and (ii) health zone polygon centroids from the GRID3/OCHA

shapefile of 519 DRC health zones (GRID3 and OCHA, 2022). Matching proceeds top-down (i.e.,

province, then health zone, then parish, then village) so that each resolved level constrains the candi-

date set for the next (e.g., once a record is matched to province Nord-Kivu, health zone matching is

restricted to health zones within Nord-Kivu).

For each level, I apply a matching cascade in the following order.

1. Exact match against the canonical name set after text normalization.

43
For example, province names are entered in the country field, or health zone names are in the province field.
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2. Optimal string alignment (OSA) distance (van der Loo, 2014), which counts the minimum num-

ber of insertions, deletions, substitutions, and transpositions of adjacent characters needed to

transform one string into another. I set a maximum edit distance of 3, meaning that a mis-

spelling with up to three character-level errors (e.g., “MABALAKOO” → “MABALAKO,” dis-

tance 1; “NOORD-KIVU”→ “NORD-KIVU,” distance 1) is accepted as amatch. The threshold of

3 accommodates the most common data-entry errors observed in the line list (single-character

duplications, omissions, and transpositions). Because matching at each level is constrained by

the parent level already resolved (e.g., health zone candidates are restricted to those within the

matched province), the risk of false matches between similarly named health zones in different

provinces is mitigated by the hierarchical structure of the pipeline.

3. Jaro–Winkler similarity (Winkler, 1990; Jaro, 1989), a normalized measure that gives additional

weight to matching prefixes. I require a Jaro–Winkler distance below 0.25 (equivalently, simi-

larity above 0.75).

4. Soundex phonetic coding (Knuth, 1973), which maps names to four-character codes based on

their English-language pronunciation, capturing phonetically similar variants that may differ

substantially in spelling (e.g., “COMANDA” and “KOMANDA” share the same Soundex code).

If all four steps fail, the record is left unmatched at that level and falls back to a coarser geographic

resolution in the coordinate assignment step. Health zone matching is the most consequential step

because health zones are the primary administrative unit for DRC disease surveillance (World Health

Organization, 2024). Each of the 519 health zones belongs to exactly one province, providing a one-

to-many mapping that anchors the entire hierarchy.

Stage4. Coordinate assignment. Coordinates are assigned using a hierarchical fallback: (1) village-

level coordinates from theOpenStreetMap/Nominatim geocoding service (OpenStreetMapContrib-

utors, 2024), queried via the tidygeocoder R package (Cambon et al., 2021), constrained by health

zone and province; (2) health zone polygon centroids from the GRID3/OCHA shapefile (GRID3 and

OCHA, 2022); (3) province centroids from GADM (GADM, 2024); and (4) a country-level centroid

for records with no subnational information. To avoid redundant API calls, the pipeline first dedu-

plicates queries by unique village–health zone combinations and caches all results for reuse across

runs. Importantly, no patient-identifiable information is transmitted to the geocoding API. Queries

consist solely of the combinations of village, health zone, and province names that are matched with

the existing, publicly-available datasets.
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Table S2: Geographic resolution levels and confidence levels for residence, symptom onset,
and current hospital locations. No data indicates that both village and district names are missing

for onset and residence data, or that both hospital and village names are missing for hospital data.

Category Residence Onset Hospital Past hospital (1) Past hospital (2)
Level Village 35,243 (39.8%) 35,339 (40.0%) 35,245 (39.8%) 530 (0.6%) 148 (0.2%)

Health zone 52,714 (59.6%) 50,994 (57.6%) 11,578 (13.1%) 213 (0.2%) 35 (0.04%)

Province 235 (0.3%) 360 (0.4%) 1,045 (1.2%) 48,198 (54.5%) 6,156 (7.0%)

Country 54 (0.06%) 147 (0.2%) 127 (0.1%) 465 (0.5%) 110 (0.1%)

No data 212 (0.2%) 1,618 (1.8%) 40,463 (45.7%) 39,052 (44.1%) 82,009 (92.7%)

Confidence High 87,597 (99.0%) 85,424 (96.6%) 46,413 (52.5%) 713 (0.8%) 176 (0.2%)

Medium 359 (0.4%) 904 (1.0%) 408 (0.5%) 30 (0.03%) 7 (0.008%)

Low 1 (0.001%) 5 (0.006%) 1,047 (1.2%) 48,198 (54.4%) 6,156 (7.0%)

Very low 0 (0%) 0 (0%) 127 (0.14%) 465 (0.5%) 110 (0.1%)

No data 501 (0.6%) 2,125 (2.4%) 40,463 (45.7%) 39,052 (44.1%) 82,009 (92.7%)

Stage 5. Confidence scoring and validation. Each geocoded record receives a composite con-

fidence score (0–100) that summarizes four dimensions of geocoding quality. The geographic resolu-

tion component (40% of the total score) awards 40 points for village-level coordinates, 20 for health

zone centroids, 10 for province centroids, and 0 for the country centroid, reflecting the order-of-

magnitude differences in spatial precision across levels (approximately 1 km, 20 km, 100 km, and 500

km, respectively). Thematch quality component (30%) awards 30 points for an exact stringmatch after

normalization, 25 for anOSAmatch at edit distance≤1, 20 for anOSAmatch at edit distance≤2, 20 for
an API-geocoded result, and 5 for a Soundex-only match. The hierarchy consistency component (15%)

awards 15 points when all resolved administrative levels are mutually consistent (e.g., the matched

health zone belongs to the matched province) and 0 when they conflict. The data completeness com-

ponent (15%) awards 3 points for each non-missing location field (out of five), reflecting the amount

of information available for geocoding. Records are classified as HIGH (≥75), MEDIUM (≥50), LOW
(≥25), or VERY LOW (<25). I verify spatial consistency by checking whether each assigned coordinate

falls within a DRC health zone polygon using the sf R package (Pebesma, 2018).

Results. Three types of location information are transformed by the pipeline described above: pa-

tient residences, onset locations, and hospital locations. Hospital locations have up to three inputs,

including the current location and at most two past locations.

Residence and onset locations are recorded at high geographic precision, whereas current hos-

pital locations are much coarser (Table S2). Residence and onset locations are overwhelmingly high

confidence (99.0% and 96.6%), whereas only 52.5% of current hospital locations are high confidence.

Throughout this paper, I only use the high-confidence locations. For hospital data, I construct a com-

bined hospital-location dataset by retaining high-confidence current locations and replacing lower-
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confidence observations with high-confidence values from past datasets, first from past hospital (1)

and then from past hospital (2).

C.2 Ebola Treatment Centers (ETC)

I compile the coordinates of all 42 Ebola treatment facilities operated during the 2018–2020 Kivu

outbreak from Figure S1 of Barks et al. (2025). The facilities comprise three types located across the

provinces of Ituri, Nord-Kivu, and Sud-Kivu:

• 21 centres de transit décentralisés (CTD; decentralized transit centers mainly in remote areas,

with small units embedded within existing healthcare facilities);

• 9 centres de transit (CT; transit centers for triage, initial isolation, and stabilization before trans-

fer to CTEs); and

• 12 centres de traitement Ebola (CTE; full treatment centers with isolation and treatment capacity

and lab testing).

I geocode each facility using OpenStreetMap/Nominatim, GeoNames, and WHO Ebola situation re-

ports. I then cross-validate all coordinates against OpenStreetMap health area boundaries (originally

sourced fromMSF) and correct cases where the initial geocode fell more than 10 km from the named

health area (e.g., Mangina, Butsiri, Makeke). Notably, the CT “Komanda” (a 20-bedMSF transit center)

was located at Bwana-Sura health area on the RN4, approximately 35 km south of Komanda town,

and is therefore recorded at a distinct location from the CTE at Komanda. After deduplication by

unique latitude-longitude pairs, I retain 37 unique locations from the 42 entries (some facilities share

sites across types).

Operational dates. To identify when each facility opened and closed, I systematically extract dates

from publicly available sources: MSF crisis updates and press releases (Médecins Sans Frontières,

2019), ALIMA operational updates (ALIMA, 2019), WHO External Situation Reports (World Health

Organization, 2020), UNICEF Ebola Situation Reports (UNICEF, 2019), IMC operational reports (In-

ternationalMedical Corps, 2020), and academic publications including the PALMtrial (Mulangu et al.,

2019). For each facility, I record the opening date, closing date, bed capacity, and operating organiza-

tion where available, and assign a confidence level (high, medium, or low) based on source specificity.

High-confidence dates come from sources that explicitly name a facilitywith a specific date (e.g., “MSF

opened a 60-bed transit center in Beni onNovember 14, 2018”). Medium-confidence dates come from

sources that mention a facility in a date-specific context but without an exact opening or closing date

(e.g., a facility described as operational in a monthly situation report). Low-confidence entries lack
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Table S3: Coverage of ETC operational dates by facility type and confidence level. High- and
medium-confidence dates are sourced from named references to specific facilities. Low-confidence

entries have no facility-specific date information and are recorded as missing.

Dates available

Facility type High Medium Low (missing) Total

CTE (centres de traitement Ebola) 6 5 1 12

CT (centres de transit) 4 3 2 9

CTD (centres de transit décentralisés) 0 4 17 21

Total 10 12 20 42

any source that names the specific facility with a date; I leave their dates blank rather than impute

from the general outbreak timeline. Table S3 summarizes the coverage of operational dates by facility

type.

Of the 42 facilities, 22 (52%) have operational dates at medium or higher confidence. The main gap

concerns the 17 CTD decentralized transit centers (small units integrated into existing health struc-

tures beginning in early 2019) whose individual opening and closing dates were not systematically

documented in public reports. The total first-admission counts for all 42 facilities are available from

Table S1 of Barks et al. (2025).

Spatial processing. I construct a continuous proximity surface over the study window (DRC ex-

tended to include border areas of Uganda and Rwanda). Specifically, I project all ETC coordinates

onto the ESRI:102022 (Albers Equal Area) coordinate reference system, rasterize the study window at

128 × 128 pixels, and compute for each pixel the Euclidean distance 𝑑𝑖 (in kilometers) to the nearest

ETC. To convert distances into a bounded proximity measure, I apply a negative exponential trans-

formation:

ETC proximity𝑖 = exp

(
− 𝑑𝑖
50

)
where 𝑑𝑖 is the distance in kilometers from pixel 𝑖 to the nearest ETC, and 50 km is the decay param-

eter. This yields values in (0, 1]: pixels at an ETC receive a value near 1, while pixels far from any

ETC approach 0. The same transformation with a 50 km decay parameter is applied to other facility

types (public hospitals, public clinics, private clinics) for comparability.

C.3 Moderators for Heterogeneity Analyses

I construct spatial moderators to conduct heterogeneity analyses (Figure S4): proximity to ETCs

(Panel A), poverty (Panel B), and infant mortality (Panel C). ETC locations are drawn from Barks
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Figure S4:Moderators for heterogeneity analyses. Panel A displays proximity to Ebola Treatment

Centers (ETCs), measured as exp(−𝑑𝑖/50) where 𝑑𝑖 is the distance in kilometers; values near 1 (darker

orange) indicate locations close to an ETC and values near 0 (white) indicate distant locations. Sym-

bols mark the locations of ETCs operational on the snapshot date (May 29, 2019): filled circles denote

centres de traitement Ebola (CTEs, tertiary treatment facilities), ×marks denote centres de transit (CTs,
intermediate triage facilities), and +marks denote centres de transit décentralisés (CTDs, decentralized
triage points). Panel B shows the proportion classified as poor (bottom twoDHSwealth quintiles) and

Panel C shows the infant mortality rates, both aggregated to the admin-2 level. Province boundaries

for Ituri, North Kivu, and South Kivu are shown in black. Data from northeastern DRC are displayed

for visualization, yet analyses use full data from the DRC and neighboring regions.

et al. (2025) and transformed using a negative exponential decay function to assign higher values to

areas closer to ETCs (Panel A, orange shades).
44

Poverty is defined as households in the bottom two

wealth quintiles (poorest 40%) based on theDHSwealth index from theDRCDemographic andHealth

Survey 2013-14 (MPSMRM/Congo, MSP/Congo and ICF International, 2014).
45

Infant mortality is

computed from the DHS birth history module as the proportion of births resulting in death before 12

months of age, restricted to births within five years of the survey. Both poverty and infant mortality

are aggregated to the admin-2 level.

44
See Appendix C.2 for further information.

45
Variable v190 assigns each household to a wealth quintile (1 = poorest, 2 = poorer, 3 = middle, 4 = richer, 5 = richest).

Households with v190 ≤ 2 are coded as poor.
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D State Capacity: Descriptive Evidence

To examine shifts in state administrative, coercive, and informational capacity, I conduct a qualita-

tive literature review of two epidemic responses in the DRC. The first case is the outbreak of Ebola

from 2018 to 2020, and the second case is the cholera outbreak from 2017 to 2018. Both epidemics hit

provinces in northeastern DRC, where state capacity is weak. The comparison illustrates how states

respond to epidemics and shift their capacity through healthcare service provision, disease surveil-

lance, and the deployment of their police and military forces. Below I provide a summary of each

epidemic and the search strategy.

D.1 Context

As described in the main text, the 2018–2020 Ebola epidemic hit the northeastern provinces of the

DRC (Ituri, North Kivu, and South Kivu). It was the largest Ebola epidemic recorded in the DRC

and the second-largest globally after the West Africa Ebola outbreak in 2014–2016. The outbreak

resulted in 3,470 officially-confirmed and probable cases and 2,287 deaths, with a case fatality ratio of

66 percent.

The cholera epidemic in 2017 and 2018 affected most regions of the DRC, including the northeast.

It was the most severe cholera epidemic in history. The epidemic affected 21 of the 26 provinces, and

official reports documented more than 55,000 cases. The number of deaths was 1,190, with the case

fatality ratio of two percent. The first major rise in cases took place in South Kivu and then spread

across the rest of the country.

D.2 Search Strategy

To examine the state response to Ebola and cholera in the DRC, I conduct a literature review and

compile evidence on the creation of treatment centers for both diseases, the expansion of diagnos-

tic laboratories, and the deployment of police and military forces during each crisis. These three

dimensions correspond to the administrative, informational, and coercive capacity of the state.

Ebola The primary sources for shifts in administrative and informational capacity include daily sit-

uation reports from the DRC Ministry of Health, and official documents from the WHO (including

Disease Outbreak News, Strategic Response Plans, and formal situation reports). I also use opera-

tional records from humanitarian organizations that took part in the response, including Médecins

Sans Frontières (MSF), ALIMA, the International Medical Corps, the International Committee of the

Red Cross, and the United Nations Children’s Fund (UNICEF). These sources allow a reconstruction
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of the time, the location, and the facility-level capacity of each treatment center that opened during

the epidemic.

To identify the deployment of coercive force, I rely on material from the United Nations Se-

curity Council, records of troop redeployment from MONUSCO, and public statements from the

DRC government. I validate these records with reports from Reuters, the New Humanitarian, and

France24, which documented the presence of soldiers at treatment sites, the use of force for public

health control, and the use of armed escorts for burial teams and vaccination teams.

Cholera For the cholera epidemic, I rely on records from MSF, UNICEF, and the WHO to trace

shifts in administrative and informational capacity. I also use epidemiological bulletins from the

DRCMinistry of Health to identify the rise in case numbers in each province that led to the creation

of treatment units in public hospitals. To identify the use of coercive force, I rely on humanitarian

reports from the United Nations Office for the Coordination of Humanitarian Affairs (UN OCHA),

archival reports frommajor news agencies, and summaries of peacekeeping activity from the United

Nations.
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D.3 Treatment Centers

Table S4: Ebola treatment centers in the DRC, 2018–2020. ETC: Ebola Treatment Centers; MoH:

Ministry of Health (DRC); MSF: Médecins Sans Frontières; WHO: World Health Organization; IMC:

International Medical Corps.

Name Province Second admin region Health zone Managing organization
Makeke ETC Ituri Mandima area Mandima MoH and IMC

Tchomia ETC Ituri Djugu Territory Tchomia MoH and MSF

Komanda ETC Ituri Irumu Territory Komanda MoH and WHO

Bunia ETC Ituri Bunia City Bunia MoH and MSF

Mambasa ETC Ituri Mambasa Territory Mambasa MoH and MSF

Mangina ETC North Kivu Beni Territory Mabalako MSF→MoH and IMC

Beni ETC North Kivu Beni City Beni ALIMA and MoH

Butembo ETC North Kivu Butembo City Butembo MSF→MoH and WHO

Katwa ETC North Kivu Butembo City Katwa MSF→MoH and WHO

Munigi ETC (Goma) North Kivu Goma City Karisimbi MoH and MSF

Mwenga ETC South Kivu Mwenga Territory Mwenga MoH and MSF

Table S5: Cholera Treatment Centers in the DRC, 2017–2018. CTC/CTU: Cholera Treatment

Centers/Units; MoH:Ministry ofHealth (DRC);MSF:Médecins Sans Frontières;WHO:WorldHealth

Organization.

Name Province Second admin region Health zone Managing organization
Goma CTC North Kivu Goma City Goma MSF

Virunga CTC North Kivu Goma City Karisimbi MSF

Minova CTC South Kivu Kalehe Territory Minova MSF

Katana CTC South Kivu Kabare Territory Katana MSF

Idjwi Island CTC South Kivu Idjwi Territory Idjwi MSF

Camp Luka CTU Kinshasa Kinshasa City Binza Ozone MSF and MoH

Pakadjuma CTU Kinshasa Kinshasa City Limete MSF

Bumbu CTU Kinshasa Kinshasa City Bumbu MSF

Liziba CTU Kinshasa Kinshasa City Lingwala MSF Spain

Maluku I CTC Kinshasa Kinshasa City Maluku I MoH and WHO
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D.4 Diagnostic Laboratories

Table S6: Laboratory infrastructure for the Ebola response in the DRC, 2018–2020. NIBMR:

National Institute for Bio Medical Research.

Name Province Second admin region Health zone Managing organization
Beni field lab North Kivu Beni City Beni NIBMR / WHO

Mangina field lab North Kivu Beni Territory Mabalako NIBMR / WHO

Butembo field lab North Kivu Butembo City Butembo NIBMR / Africa CDC

Katwa field lab North Kivu Butembo City Katwa NIBMR / WHO

Goma field lab North Kivu Goma City Karisimbi NIBMR / WHO

Bunia field lab Ituri Bunia City Bunia NIBMR / WHO

Komanda field lab Ituri Irumu Territory Komanda NIBMR / WHO

Mambasa field lab Ituri Mambasa Territory Mambasa NIBMR / ALIMA

Makeke field lab Ituri Mandima area Mandima NIBMR / IMC

Bukavu field lab South Kivu Bukavu City Ibanda NIBMR

Kinshasa national lab Kinshasa Kinshasa City Lingwala NIBMR

Table S7: Laboratory infrastructure for the Ebola response in the DRC, 2017–2018. Only lab-
oratories in northeast DRC are summarized.

Name Province Second admin region Health zone Managing organization
Goma provincial ref. North Kivu Goma City Goma MoH

Bukavu provincial hosp. South Kivu Bukavu City Ibanda MoH

D.5 Coercive Capacity

Table S8: Use of force during the Ebola response in the DRC, 2018–2020. MONUSCO: The UN

Organization Stabilization Mission in the Democratic Republic of the Congo.

Date Province Admin 2 Purpose Security actor
Oct 2018 North Kivu Beni Escort of safe burial teams Police and army

Feb to Mar 2019 North Kivu Butembo Guard of treatment centers Police, army, MONUSCO

Apr 2019 North Kivu Butembo Guard of hospitals Police and army

May 2019 North Kivu Beni Support for field teams Police with MONUSCO

Nov 2019 Ituri Mambasa, Biakato Guard of health workers Army with UN

Jun 2020 Ituri Bunia Guard of triage sites Police

Table S9: Use of force during the cholera response in the DRC, 2017–2018. No formal troop

deployment was observed during the cholera outbreak from 2017 to 2018.

Date Province Admin 2 Purpose Security actor
Late 2017 South Kivu Bukavu City No direct force, support role for safe access No deployment

Early 2018 North Kivu Goma City No direct force, normal public order only No deployment
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E Estimation: Cholera

In this section, I describe themodel specification, assess its performance, and detail the counterfactual

densities.

E.1 Model Specification

I model the locations of cholera outbreaks using an inhomogeneous Poisson point process, which

allows the intensity to vary across space and the expected number of events to be obtained by in-

tegrating the intensity surface over a region of interest (Mukaigawara et al., 2025; Baddeley, 2015).

The outbreak-level dataset records the location and timing of the index patient for each cholera out-

break. After conditioning on the spatiotemporal covariates described below, the model is expected

to capture the underlying spatiotemporal trend of cholera occurrence.

Because the borders between the DRC, Uganda, and Rwanda are porous and insurgents might

operate across international boundaries, I define the spatial domain of interest (Ω in Section A) to

include the entire DRC as well as adjacent districts in Rwanda and Uganda.

Covariates. The spatiotemporal trends of cholera outbreaks can be affected by histories of outbreaks

and political violence events, exposure to environmental reservoirs (water sources including lakes and

rivers), and population density. Thus, I include as covariates histories of cholera (4 weeks); histories

of all violence (4 weeks); population density; inverted distances from rivers (the Congo River), Lake

Kivu, Lake Tanganyika, Lake Albert, and Lake Edward; exponentiated distances from all cities; and

three time splines (Figure S5). Locations of the rivers in the DRC are obtained from the World Bank.

The population density data is obtained from Africa High Resolution Population Density Maps by

the Center for International Earth Science Information Network (CIESIN), Columbia University.

Distances fromwater sources are inverted to capture potentially elevated risks near water by sub-

tracting each distance from themaximumdistance and dividing by the full range. Histories of cholera

outbreaks and violence are first computed as distances
46
from past events and then transformed us-

ing exp(−0.25 × distance) to capture spatial decay and local clustering. For distances from all cities,

varying coefficients are used to reflect the population size (see Mukaigawara et al. (2025) for details).

Coefficients. Table S10 summarizes the coefficients from the inhomogeneous Poisson point process

model. Several covariates, most notably histories of cholera outbreaks over the past 4 weeks, popula-

tion density, the proportion of people using unimprovedwater sources, and proximity tomajor lakes,

are strongly associated with higher outbreak intensity, which is in keeping with my expectation. The

dispersion parameter (1.73) also indicates a reasonable fit.

46
I use the distmap function in the spatstat package.
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Figure S5: Covariates (cross-epidemic, cholera). Covariates included in the propensity score

model are summarized. For population density, log-transformation is used for visualization pur-

poses.

Table S10: Coefficients for the propensity scoremodel (cholera). Coefficients for spatiotemporal

covariates (images and scalers) are summarized. Deviance dropped from 1910.37 to 1630.13 (dispersion

= 1.73).

Estimate Std. Error t value Pr(>|t|)
(Intercept) -13.98 0.76 -18.32 0.00

History of cholera (4 weeks) 1.69 5.38 0.31 0.75

History of violence (4 weeks) -2.46 3.00 -0.82 0.41

Distance (all cities, exponentiated) 3.66 0.50 7.39 0.00

Distance (Lake Kivu, inverted) 5.24 1.32 3.97 0.00

Distance (Lake Albert, inverted) 24.32 22.33 1.09 0.28

Distance (Lake Tanganyika, inverted) 6.45 4.57 1.41 0.16

Distance (rivers, inverted) 2.26 2.66 0.85 0.40

Distance (Lake Edward, inverted) -0.31 0.62 -0.50 0.62

Population density 0.63 0.12 5.31 0.00

Time spline (1) -0.69 0.52 -1.33 0.18

Time spline (2) -6.20 1.68 -3.69 0.00

Time spline (3) -1.91 0.66 -2.91 0.00

23



E.2 Model Performance

To assess whether the fitted point process model makes treatment patterns random, I perform three

diagnostic tests. First, I examine the superimposed Pearson residual field obtained by averaging the

raw residual surfaces across all weekly point patterns. In spatial statistics, residual maps provide a

direct visual test of unexplained spatial structure (Baddeley et al., 2005). With an appropriate model,

the residual surface should exhibit no systematic patterns beyond stochastic noise.

Second, I conduct a superthinning residual test, which is regarded as one of the most powerful di-

agnostics for spatial point process models (Schoenberg, 2003; Clements, Schoenberg and Veen, 2012).

Superthinning transforms the observed pattern into a residual point process by randomly removing

points where the fitted intensity is high and randomly adding simulated points where the fitted in-

tensity is low. The resulting process should look like a homogeneous Poisson process if and only if

the model is specified correctly (Schoenberg, 2003). After superthinning, I employ the 𝐾-function

(Baddeley, 2015), which measures the number of points that lie within a given distance of a certain

observation and compares it to the expected number of points under complete spatial randomness.

Third, as a supplementary diagnostic, I compare the expected versus observed temporal counts

of treatment events. Comparing the model-implied counts with observed counts is a standard model

validation strategy in spatiotemporal point processes. I also conduct an out-of-sample forecasting

test, using 80% of the patterns for estimation and predicting case counts and spatial intensities in

the remaining 20%. I also visualize the densities as maps to visually investigate the propensity score

model.

Average residual fields. The average residual fields (Figure S6, Panel A) indicate that the inhomo-

geneous Poisson point process model provides a good fit to the cholera outbreak data. Deviations are

small throughout the DRC and its neighboring regions.

Super-thinning residual tests. I next apply the superthinning tests (Schoenberg, 2003; Clements,

Schoenberg and Veen, 2012). Formally, let 𝑧 ∈ Ω, which represents a location (point) within the entire

space. I first obtain the model-predicted intensity surfaces for all time periods. For each time-specific

intensity, I then select a cutoff 𝑐 equal to the (across-time) mean of the mean values of intensities from

each time period (Clements, Schoenberg and Veen, 2012) and thin each observed point 𝑧𝑖 indepen-

dently with probability min{1, 𝑐/ ˆ𝜆(𝑧𝑖)}. This removes more points where the model predicts high

intensity and keeps most points in low-intensity regions. Contrarily, in low-intensity regions, I sim-

ulate a Poisson point process with an intensity max{𝑐− ˆ𝜆(𝑧), 0} and add points. Finally, I sum all the

superthinned points to form a single combined intensity. This resulting superthinned pattern should

be a homogeneous Poisson process if the propensity score model is specified well.

The superthinned pattern aligns with the theoretical expectation of complete spatial randomness.
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Figure S6: Average residual fields and super-thinning test results (cholera). Panel A: The map

shows the average residual field across all time periods. Panel B: The gray region represents the

range of 𝐾 (𝑟) values based on 1,000 simulated homogeneous Poisson patterns. The black line is the

empirical K-function and the red dashed line is the theoretical 𝐾 (𝑟) value. The x-axis represents the
distance from points.

As shown in the envelope plot (Figure S6, Panel B), the observed𝐾-function (black) lies entirelywithin

the global simulation envelope across the full range of distances (gray shades), which suggests that the

propensity model is well specified to account for spatiotemporal trends of cholera outbreaks.

Out-of-sample prediction and visual inspection. The out-of-sample predictions (Figure S7) in-

dicate that the model captures the overall temporal trends of cholera outbreaks. Visual inspection

(Figure S8) also suggests that the model reproduces the major spatial patterns of cholera incidence,

particularly the higher intensities in the eastern part of the DRC.
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Figure S7: Predicted and actual counts. Panel A (left) compares actual (gray) and predicted (orange)

counts, indicating that the model reproduces the observed temporal dynamics. Panel B (left) shows

the out-of-sample performance, using the first 80 percent of data as a training set, with purple lines

displaying predicted counts. For both panels, the subpanels on the right display residuals.
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Figure S8: Observed densities asmaps. Observed densities fromweeks 30, 83, and 136 (correspond-

ing to years 2013–5) are displayed (log-transformed for visualization purposes).

E.3 Counterfactuals

I construct counterfactual interventions using the baseline density, which reflects the out-of-sample

distribution of cholera outbreaks, and power densities that encode spatial prioritization. Intuitively,

I obtain counterfactuals as maps using the baseline density re-weighted by power densities.

Formally, a power density is defined as 𝑑𝛼 (𝜔) =
∏𝑘

𝑖=1 𝑑𝑖 (𝜔)𝛼𝑖/
∫
Ω

∏𝑘
𝑖=1 𝑑𝑖 (𝜔)𝛼𝑖 , where 𝑑𝑖 (𝜔)

denotes the distributions of spatial objects prioritized and 𝛼𝑖 represents the prioritization param-

eter. For power densities that move outbreaks toward the central regions, I set 𝑘 = 2 and 𝛼𝑖 ∈
{1.5, 1.6, 1.7, · · · , 2.0}, and use the density of public hospitals and public clinics, since these health-
care facilities are concentrated in Kinshasa and its neighboring regions. For the frontier regions, I set

𝑘 = 1 and use the density of private hospitals, which are concentrated more toward the northeast. I

set 𝛼 = 1.5 to make the spatial distributions of Ebola and cholera comparable, since Ebola cases dur-

ing the 2018–2020 outbreak are already concentrated in the frontier region, and further increases in

𝛼might violate the overlap assumption. As shown in Figure S9, these counterfactuals move outbreak

locations either toward the central or frontier regions.

FrontierA λ = 2.0B λ = 2.1 λ = 2.2 λ = 2.3 λ = 2.4

Density
0e+00 1e−04

Figure S9: Counterfactual interventions (cholera). Panel A shows the counterfactual density that

moves cholera outbreaks toward the frontier. Panel B shows the counterfactuals for the center.
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F Estimation: Ebola

I model the spatiotemporal distribution of Ebola patients separately for the hospital, onset, and resi-

dence location datasets.

F.1 Model Specification: Hospital Locations

Covariates. I include as covariates 2- and 10-day histories of confirmed, probable, and suspected

Ebola cases to reflect the minimum and mean incubation periods; 1-, 2-, and 4-week histories of

all violence, VAC, and battles to capture the recent trends of violence; Ebola index case potentials

derived from the distribution of reservoir animals (fruit bats) (Pigott et al., 2017); indicators for surges

in all cases (February 18–May 28, 2019), decline in confirmed cases (December 16, 2019 onward); and

indicators for six admin-2 regions in the northeast with clustering of patients. Histories of Ebola

cases are transformed using exp(−0.25 × distance/105) (Figure S10).

Coefficients. Coefficients of themodelwith confirmed cases, all cases, and non-Ebola cases are sum-

marized in Tables S11, S12, and Table S13, respectively. For the non-Ebola model, I exclude histories

of suspected cases and also use the provincial indicators due to model instability.

Index
0.0 2.5 5.0 7.5 10.0

Risk: Index case potential

Distance
−4000−3000−2000−1000

Ebola, confirmed (2 days)

Distance
−4000−3000−2000−1000

Ebola, probable (2 days)

Distance
−4000−3000−2000−1000

Ebola, suspected (2 days)

Distance
−4000−3000−2000−1000

Ebola, confirmed (10 days)

Distance
−4000−3000−2000−1000

Ebola, probable (10 days)

Distance
−4000−3000−2000−1000

Ebola, suspected (10 days)

Figure S10: Spatial covariates in the propensity score model (Ebola). Histories of Ebola cases
are log-transformed and then multiplied by 10

6
only for visualization purposes. Data from days 50

and 100 are shown for histories of Ebola cases.
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Table S11: Coefficients for the propensity score model (Ebola, hospital locations, confirmed
cases). Coefficients for spatiotemporal covariates (images and scalers) are summarized. Deviance

dropped from 26,779.38 to 3,609.43 (dispersion = 16.82).

Estimate Std. Error t value Pr(>|t|)
(Intercept) -30.94 4.22 -7.34 0.00

History of confirmed cases (2 days) 0.40 0.71 0.56 0.57

History of probable cases (2 days) 0.01 0.43 0.02 0.99

History of suspected cases (2 days) 0.05 0.57 0.09 0.93

History of confirmed cases (10 days) 1.28 3.19 0.40 0.69

History of probable cases (10 days) 0.13 0.29 0.45 0.65

History of suspected cases (10 days) 0.48 0.94 0.51 0.61

Time spline (1) 0.96 0.68 1.42 0.15

Time spline (2) -1.54 3.14 -0.49 0.62

Time spline (3) -3.47 2.92 -1.19 0.23

History of all violence (1 week) -0.65 1.51 -0.43 0.67

History of violence against civilians (1 week) 0.16 1.26 0.12 0.90

History of battles (1 week) 0.25 1.28 0.20 0.84

History of all violence (2 week) 0.19 1.57 0.12 0.90

History of violence against civilians (2 week) -0.21 1.25 -0.17 0.86

History of battles (2 week) -0.11 1.30 -0.08 0.93

History of all violence (4 week) 1.27 1.44 0.88 0.38

History of violence against civilians (4 week) 0.99 0.99 1.00 0.32

History of battles (4 week) 0.09 1.24 0.07 0.94

Risk for initial cases of Ebola 1.40 0.29 4.88 0.00

Surge of patients (indicator) 0.10 0.33 0.30 0.76

Decline in confirmed cases (indicator) 0.30 0.98 0.31 0.76

Bunia, Ituri (indicator) 11.58 1.90 6.09 0.00

Mambasa, Ituri (indicator) 7.30 0.98 7.48 0.00

Beni, North Kivu (indicator) 8.19 0.75 10.99 0.00

Butembo, North Kivu (indicator) 21.05 2.59 8.12 0.00

Lubero, North Kivu (indicator) 4.72 1.56 3.02 0.00

Oicha, North Kivu (indicator) 9.49 0.80 11.84 0.00
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Table S12: Coefficients for the propensity score model (Ebola, hospital locations, all cases).
Coefficients for spatiotemporal covariates (images and scalers) are summarized. Deviance dropped

from 210,535.24 to 69,734.38 (dispersion = 5.45).

Estimate Std. Error t value Pr(>|t|)
(Intercept) -15.97 0.45 -35.76 0.00

History of confirmed cases (2 days) -0.16 0.06 -2.84 0.00

History of probable cases (2 days) -0.06 0.16 -0.40 0.69

History of suspected cases (2 days) 0.35 0.28 1.27 0.20

History of confirmed cases (10 days) -0.09 0.06 -1.50 0.13

History of probable cases (10 days) -0.10 0.09 -1.16 0.25

History of suspected cases (10 days) 1.40 0.50 2.81 0.00

Time spline (1) 2.18 0.14 16.07 0.00

Time spline (2) 0.88 0.50 1.75 0.08

Time spline (3) 0.26 0.16 1.63 0.10

History of all violence (1 week) 0.52 0.28 1.84 0.07

History of violence against civilians (1 week) -0.65 0.23 -2.82 0.00

History of battles (1 week) -0.67 0.22 -3.08 0.00

History of all violence (2 week) 0.62 0.30 2.10 0.04

History of violence against civilians (2 week) -0.17 0.21 -0.80 0.42

History of battles (2 week) -0.06 0.22 -0.28 0.78

History of all violence (4 week) 2.18 0.34 6.42 0.00

History of violence against civilians (4 week) 0.71 0.24 2.94 0.00

History of battles (4 week) -0.10 0.25 -0.41 0.68

Risk for initial cases of Ebola 0.02 0.01 1.18 0.24

Surge of patients (indicator) 0.67 0.09 7.66 0.00

Decline in confirmed cases (indicator) 0.99 0.08 11.98 0.00

Bunia, Ituri (indicator) 6.10 0.17 35.99 0.00

Mambasa, Ituri (indicator) 4.36 0.05 80.56 0.00

Beni, North Kivu (indicator) 6.20 0.10 59.24 0.00

Butembo, North Kivu (indicator) 6.14 0.14 45.19 0.00

Lubero, North Kivu (indicator) 1.01 0.27 3.81 0.00

Oicha, North Kivu (indicator) 5.16 0.07 70.59 0.00
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Table S13: Coefficients for the propensity score model (hospital locations, non-Ebola cases).
Coefficients for spatiotemporal covariates (images and scalers) are summarized. Deviance dropped

from 351,044.12 to 55,537.04 (dispersion = 2.58).

Estimate Std. Error t value Pr(>|t|)
(Intercept) -17.55 0.29 -60.55 0.00

History of confirmed cases (2 days) 0.16 0.04 3.96 0.00

History of probable cases (2 days) -0.16 0.06 -2.53 0.01

History of confirmed cases (10 days) 0.72 0.08 9.40 0.00

History of probable cases (10 days) 0.24 0.03 6.88 0.00

Time spline (1) 1.55 0.06 25.12 0.00

Time spline (2) -0.15 0.22 -0.67 0.50

Time spline (3) -2.13 0.15 -13.90 0.00

History of all violence (1 week) -0.52 0.15 -3.52 0.00

History of violence against civilians (1 week) 1.12 0.13 8.59 0.00

History of battles (1 week) 0.15 0.13 1.18 0.24

History of all violence (2 week) -0.81 0.16 -5.22 0.00

History of violence against civilians (2 week) 1.26 0.13 9.78 0.00

History of battles (2 week) 1.17 0.13 8.78 0.00

History of all violence (4 week) 2.49 0.13 18.87 0.00

History of violence against civilians (4 week) 2.62 0.11 24.59 0.00

History of battles (4 week) 0.79 0.11 6.91 0.00

Risk for initial cases of Ebola -0.30 0.00 -91.55 0.00

Surge of patients (indicator) 0.09 0.04 2.21 0.03

Decline in confirmed cases (indicator) 0.84 0.06 14.59 0.00

North Kivu (indicator) 8.98 0.27 33.88 0.00

Ituri (indicator) 7.35 0.27 27.44 0.00
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F.2 Model Performance: Hospital Locations

Average residual fields and super-thinning test results. Figures S11, S12, and S13 confirm the

performance of the propensity score models.
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Figure S11: Average residual fields and super-thinning test results (Ebola, hospital locations,
confirmed cases).
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Figure S12: Average residual fields and super-thinning test results (Ebola, hospital locations,
all cases).
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Figure S13: Average residual fields and super-thinning test results (Ebola, hospital locations,
non-Ebola cases).

31



Out-of-sample prediction and visual inspection. The out-of-sample prediction performance

confirms that the model performs well in predicting the frequencies of confirmed Ebola cases (Fig-

ures S14, S15, and S16). For non-Ebola cases, a spike arises in the out-of-sample model primarily due

to the use of time splines. Observed densities as maps are shown in Figures S17, S18, and S19.
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Figure S14: Predicted and actual counts (Ebola, hospital locations, confirmed cases).
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Figure S15: Predicted and actual counts (Ebola, hospital locations, all cases).
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Figure S16: Predicted and actual counts (Ebola, hospital locations, non-Ebola cases).
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Figure S17: Observed densities as maps (Ebola, hospital locations, confirmed cases). Observed
densities from days 50, 300, and 500 are displayed (log-transformed for visualization purposes).
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Figure S18: Observed densities as maps (Ebola, hospital locations, all cases).
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Figure S19: Observed densities as maps (Ebola, hospital locations, non-Ebola cases).
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F.3 Model Specification: Onset Locations

Table S14: Coefficients for the propensity score model (Ebola, onset locations, confirmed
cases). Coefficients for spatiotemporal covariates (images and scalers) are summarized. Deviance

dropped from 38,019.74 to 8,127.05 (dispersion = 10.37).

Estimate Std. Error t value Pr(>|t|)
(Intercept) -28.19 4.21 -6.70 0.00

History of confirmed cases (2 days) 0.09 0.73 0.12 0.91

History of probable cases (2 days) -0.01 0.13 -0.08 0.93

History of suspected cases (2 days) -0.18 1.16 -0.16 0.87

History of confirmed cases (10 days) 1.57 3.85 0.41 0.68

History of probable cases (10 days) 0.24 0.19 1.27 0.20

History of suspected cases (10 days) 0.93 1.31 0.71 0.48

Time spline (1) 1.96 0.48 4.09 0.00

Time spline (2) -3.34 2.30 -1.45 0.15

Time spline (3) -7.36 2.27 -3.25 0.00

History of all violence (1 week) -0.65 1.16 -0.56 0.57

History of violence against civilians (1 week) 0.25 0.99 0.26 0.80

History of battles (1 week) 0.69 0.97 0.71 0.48

History of all violence (2 week) 0.25 1.21 0.20 0.84

History of violence against civilians (2 week) -0.17 1.03 -0.16 0.87

History of battles (2 week) -0.08 1.01 -0.08 0.94

History of all violence (4 week) 1.01 0.97 1.04 0.30

History of violence against civilians (4 week) 1.06 0.78 1.36 0.18

History of battles (4 week) -0.61 0.88 -0.70 0.49

Risk for initial cases of Ebola 1.06 0.18 5.96 0.00

Surge of patients (indicator) 0.17 0.20 0.85 0.40

Decline in confirmed cases (indicator) 0.88 0.67 1.33 0.18

Bunia, Ituri (indicator) 9.99 1.15 8.69 0.00

Mambasa, Ituri (indicator) 7.41 0.54 13.71 0.00

Beni, North Kivu (indicator) 7.80 0.48 16.39 0.00

Butembo, North Kivu (indicator) 17.71 1.58 11.19 0.00

Lubero, North Kivu (indicator) 7.01 0.48 14.48 0.00

Oicha, North Kivu (indicator) 9.28 0.46 20.11 0.00
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Table S15: Coefficients for the propensity scoremodel (Ebola, onset locations, all cases). Coef-
ficients for spatiotemporal covariates (images and scalers) are summarized. Deviance dropped from

467,449.98 to 158,158.92 (dispersion = 10.91).

Estimate Std. Error t value Pr(>|t|)
(Intercept) -16.25 0.72 -22.64 0.00

History of confirmed cases (2 days) -0.27 0.05 -4.96 0.00

History of probable cases (2 days) 0.07 0.06 1.26 0.21

History of suspected cases (2 days) 0.27 0.93 0.29 0.77

History of confirmed cases (10 days) -0.12 0.06 -2.05 0.04

History of probable cases (10 days) -0.12 0.05 -2.33 0.02

History of suspected cases (10 days) 2.17 1.16 1.87 0.06

Time spline (1) 3.03 0.13 22.86 0.00

Time spline (2) 1.07 0.48 2.21 0.03

Time spline (3) -0.28 0.16 -1.78 0.07

History of all violence (1 week) 0.93 0.39 2.38 0.02

History of violence against civilians (1 week) -0.64 0.33 -1.94 0.05

History of battles (1 week) -0.85 0.32 -2.68 0.01

History of all violence (2 week) 0.03 0.37 0.09 0.93

History of violence against civilians (2 week) -0.23 0.29 -0.80 0.43

History of battles (2 week) 0.15 0.30 0.49 0.62

History of all violence (4 week) -0.05 0.38 -0.13 0.89

History of violence against civilians (4 week) 1.06 0.33 3.24 0.00

History of battles (4 week) -0.00 0.28 -0.01 0.99

Risk for initial cases of Ebola -0.02 0.02 -1.27 0.20

Surge of patients (indicator) 0.57 0.09 6.27 0.00

Decline in confirmed cases (indicator) 1.39 0.07 19.51 0.00

Bunia, Ituri (indicator) 6.00 0.17 36.15 0.00

Mambasa, Ituri (indicator) 4.57 0.05 83.50 0.00

Beni, North Kivu (indicator) 6.89 0.11 61.18 0.00

Butembo, North Kivu (indicator) 6.63 0.13 49.34 0.00

Lubero, North Kivu (indicator) 5.10 0.06 88.00 0.00

Oicha, North Kivu (indicator) 6.32 0.05 115.80 0.00
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Table S16: Coefficients for the propensity score model (Ebola, onset locations, non-Ebola
cases). Coefficients for spatiotemporal covariates (images and scalers) are summarized. Deviance

dropped from 472,004.86 to 102,765.15 (dispersion = 3.27).

Estimate Std. Error t value Pr(>|t|)
(Intercept) -17.04 0.23 -75.23 0.00

History of confirmed cases (2 days) 0.23 0.05 4.87 0.00

History of probable cases (2 days) -0.04 0.02 -1.60 0.11

History of confirmed cases (10 days) 0.07 0.07 1.06 0.29

History of probable cases (10 days) 0.22 0.02 8.96 0.00

Time spline (1) 2.11 0.05 39.32 0.00

Time spline (2) 0.09 0.20 0.47 0.64

Time spline (3) -2.81 0.14 -20.40 0.00

History of all violence (1 week) 0.09 0.14 0.63 0.53

History of violence against civilians (1 week) 0.88 0.12 7.40 0.00

History of battles (1 week) -0.36 0.12 -3.11 0.00

History of all violence (2 week) -0.29 0.15 -1.93 0.05

History of violence against civilians (2 week) 0.98 0.12 8.02 0.00

History of battles (2 week) 0.76 0.12 6.17 0.00

History of all violence (4 week) -0.22 0.13 -1.62 0.11

History of violence against civilians (4 week) 3.69 0.12 32.00 0.00

History of battles (4 week) 2.31 0.10 22.46 0.00

Risk for initial cases of Ebola -0.21 0.00 -68.01 0.00

Surge of patients (indicator) -0.10 0.04 -2.62 0.01

Decline in confirmed cases (indicator) 1.03 0.05 21.24 0.00

North Kivu (indicator) 8.84 0.20 43.88 0.00

Ituri (indicator) 7.44 0.20 36.66 0.00
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F.4 Model Performance: Onset Locations

Average residual fields and super-thinning test results. Figures S20, S21, and S22 confirm the

performance of the propensity score models.
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Figure S20: Average residual fields and super-thinning test results (Ebola, onset locations,
confirmed cases).
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Figure S21: Average residual fields and super-thinning test results (Ebola, onset locations, all
cases).
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Figure S22: Average residual fields and super-thinning test results (Ebola, onset locations,
non-Ebola cases).
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Out-of-sample prediction and visual inspection. The out-of-sample prediction performance

confirms that the model performs well in predicting the frequencies of confirmed Ebola cases (Fig-

ures S23, S24, and S25). For all cases and non-Ebola cases, a spike arises in the out-of-sample model

primarily due to the use of time splines. Observed densities as maps are shown in Figures S26, S27,

and S28.
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Figure S23: Predicted and actual counts (Ebola, onset locations, confirmed cases).
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Figure S24: Predicted and actual counts (Ebola, onset locations, all cases).
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Figure S25: Predicted and actual counts (Ebola, onset locations, non-Ebola cases).
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Figure S26: Observed densities as maps (Ebola, onset locations, confirmed cases). Observed
densities from days 50, 300, and 500 are displayed (log-transformed for visualization purposes).
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Figure S27: Observed densities as maps (Ebola, onset locations, all cases).
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Figure S28: Observed densities as maps (Ebola, onset locations, non-Ebola cases).
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F.5 Counterfactuals

For the cross-epidemic analyses, I construct counterfactuals in the same way as for cholera, with

different values of𝛼 that generate outbreaks concentrated in the center or the frontier. For the center,

I vary 𝛼 from 1.5 to 2.0 in increments of 0.1. For the frontier, I set 𝛼 = 1.5 because the observed

outbreak is already concentrated there. Figure S29 presents these counterfactuals. Panel B shows

that shifts toward the center correspond to scenarios in which Ebola occurs not only in the northeast

but also in the northwest and southwest.

For the within-epidemic analyses (Figure S30), I examine outbreak intensification without loca-

tion shifts, from 1 daily case to 7 daily cases. The spatial distribution remains unchanged, but pixel

values in the frontier increase as the outbreak intensifies.

FrontierA λ = 2.0B λ = 2.1 λ = 2.2 λ = 2.3 λ = 2.4

Density
0.10.0

Figure S29: Counterfactual interventions (Ebola, hospital locations, cross-epidemic). Panel A
shows the counterfactual densities that move Ebola patients toward the frontier with varying degrees

of 𝛼 parameters. Panel B shows the counterfactual densities that move Ebola patients toward the

center. Pixel values are raised to the power of 0.2 for visualization purposes.

1 case / day 2 cases / day 3 cases / day 4 cases / day 5 cases / day 6 cases / day 7 cases / day

Density
0.0000 0.0015

Figure S30: Counterfactual interventions (Ebola, hospital locations, within-epidemic). For
the within-epidemic analyses, I maintain the spatial distribution of patients and increase the daily

number of patients.
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F.6 Causal Mediation Analysis

Following Kennedy (2019) and Mukaigawara et al. (2025), I model the conditional mediator distribu-

tion and vary an incremental parameter 𝛿 ∈ (0,∞) to construct counterfactual mediator densities.

Because the proportion of patients with severe symptoms depends on healthcare access and infec-

tion risk, I include distances to cities and hospitals, log population density, elevation, slope, terrain

ruggedness, and geographic coordinates as covariates.

Table S17 summarizes the parametric and smooth components of the binary GAM. The three

distance covariates use exponential-decay transformations. Distance to major cities captures large

urban centers, while distance to cities captures towns of all sizes. The Gaussian-process spline on

(lon, lat) absorbs residual spatial structure. The model AUC is 0.657.

Table S17: Coefficients. Left and right panels show parametric and smooth-term coefficients, re-

spectively.

Term Estimate Std. Error

(Intercept) -1.11 0.06

Smooth terms edf Ref.df Chi.sq Pr(>F)

Distance to major cities 1.00 1.00 4.87 0.03

Distance to cities 1.00 1.00 4.22 0.04

Distance to hospitals 1.00 1.00 10.55 0.00

Population density (log transformed) 1.12 1.22 4.22 0.04

Elevation 1.00 1.00 5.95 0.01

Slope 1.00 1.00 20.59 0.00

Terrain ruggedness index 0.00 0.00 0.00 1.00

s(lon,lat) 6.38 8.24 86.98 0.00

Figure S31 plots the conditional mediator distribution given covariates and treatment, separately

for patients with bleeding (orange) and without bleeding (gray), at baseline and under shifts of 𝛿 =

2, 4, 6. Higher values of 𝛿 shift the bleeding density rightward and the non-bleeding density leftward,

which indicates a higher proportion of patients with bleeding.
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Figure S31:Mediator densities. As the 𝛿 parameter increases, the proportion of patients with bleed-

ing increases, as shown by the orange lines shifting to the right.
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G Full Results

G.1 Cross-Epidemic Comparison

Because the outbreak-level data collects onset location of confirmed cases, the main analysis is con-

ductedwith the onset location data of confirmed Ebola patients. Interaction effects (Table S18) suggest

fewer battles in regions with higher 𝛼 and more violence against civilians at the outbreak epicenter.

Incomplete statistical significance likely reflects heterogeneity. For non-Ebola cases (Table S19), ex-

cept for sporadic significant results, all results are insignificant.

Table S18: Full results (interaction effects, onset locations). The value 𝛼 defines counterfactual

specifications. The columns with region names report interaction effects with 95% CIs. VAC: violence

against civilians.

Outcome 𝛼 DRC/UGA/RWA Northeast Ituri North Kivu South Kivu

Battles 1.50 1.475 [0.184, 2.766] 1.364 [0.364, 2.364] 0.229 [-0.001, 0.459] 0.756 [0.212, 1.3] 0.379 [-0.012, 0.769]

1.60 1.444 [0.279, 2.61] 1.342 [0.437, 2.246] 0.228 [0.011, 0.444] 0.756 [0.239, 1.272] 0.358 [-0.008, 0.724]

1.70 1.406 [0.231, 2.581] 1.312 [0.386, 2.238] 0.226 [0.01, 0.443] 0.753 [0.204, 1.301] 0.333 [-0.036, 0.702]

1.80 1.359 [0.044, 2.674] 1.275 [0.218, 2.331] 0.224 [-0.006, 0.454] 0.747 [0.117, 1.376] 0.303 [-0.097, 0.704]

1.90 1.321 [-0.236, 2.879] 1.25 [-0.017, 2.517] 0.224 [-0.034, 0.483] 0.748 [0.001, 1.494] 0.278 [-0.177, 0.733]

VAC (lethal) 1.50 1.152 [0.249, 2.054] 0.893 [0.198, 1.587] 0.13 [-0.044, 0.304] 0.5 [0.109, 0.891] 0.263 [0.061, 0.464]

1.60 1.142 [0.344, 1.94] 0.888 [0.281, 1.494] 0.126 [-0.032, 0.284] 0.5 [0.167, 0.833] 0.261 [0.064, 0.458]

1.70 1.125 [0.345, 1.904] 0.878 [0.28, 1.476] 0.121 [-0.032, 0.274] 0.498 [0.173, 0.823] 0.259 [0.055, 0.463]

1.80 1.1 [0.249, 1.951] 0.864 [0.194, 1.535] 0.114 [-0.046, 0.275] 0.493 [0.125, 0.862] 0.257 [0.034, 0.479]

1.90 1.099 [0.105, 2.092] 0.87 [0.068, 1.672] 0.109 [-0.072, 0.289] 0.498 [0.049, 0.947] 0.263 [0.014, 0.511]

VAC (non-lethal) 1.50 1.283 [0.264, 2.302] 0.893 [0.139, 1.647] 0.173 [0.058, 0.288] 0.446 [-0.051, 0.944] 0.274 [0.043, 0.505]

1.60 1.249 [0.295, 2.202] 0.863 [0.161, 1.566] 0.172 [0.06, 0.284] 0.428 [-0.034, 0.89] 0.263 [0.036, 0.491]

1.70 1.209 [0.264, 2.155] 0.83 [0.131, 1.528] 0.17 [0.058, 0.282] 0.408 [-0.048, 0.864] 0.252 [0.018, 0.486]

1.80 1.165 [0.168, 2.163] 0.793 [0.05, 1.535] 0.167 [0.051, 0.283] 0.386 [-0.095, 0.867] 0.24 [-0.009, 0.488]

1.90 1.138 [0.039, 2.237] 0.78 [-0.047, 1.607] 0.167 [0.043, 0.29] 0.375 [-0.157, 0.906] 0.239 [-0.033, 0.51]

Table S19: Full results (interaction effects, non-Ebola cases). Full results for non-Ebola cases are
shown.

Outcome 𝛼 DRC/UGA/RWA Northeast Ituri North Kivu South Kivu

Battles 1.50 1.1 [-290.02, 292.22] 0.94 [-221.87, 223.74] 0.24 [-44.24, 44.72] 0.36 [-112.88, 113.61] 0.33 [-64.75, 65.42]

1.60 1.05 [-340.18, 342.27] 0.9 [-260.25, 262.04] 0.24 [-51.95, 52.44] 0.32 [-132.29, 132.94] 0.33 [-76, 76.67]

1.70 0.99 [-382.55, 384.53] 0.85 [-292.67, 294.37] 0.24 [-58.47, 58.95] 0.28 [-148.7, 149.26] 0.33 [-85.51, 86.16]

1.80 0.93 [-414.34, 416.19] 0.8 [-316.99, 318.6] 0.25 [-63.36, 63.85] 0.23 [-160.99, 161.45] 0.32 [-92.65, 93.29]

1.90 0.88 [-438.08, 439.83] 0.77 [-335.15, 336.69] 0.25 [-67.03, 67.53] 0.19 [-170.14, 170.52] 0.33 [-97.98, 98.64]

VAC (lethal) 1.50 1.08 [-224.93, 227.09] 0.77 [-166.75, 168.3] 0.13 [-44.88, 45.14] 0.44 [-90.39, 91.27] 0.2 [-31.49, 31.88]

1.60 1.06 [-263.92, 266.04] 0.75 [-195.64, 197.15] 0.12 [-52.58, 52.81] 0.44 [-106.05, 106.92] 0.2 [-37.01, 37.41]

1.70 1.04 [-296.86, 298.93] 0.73 [-220.04, 221.5] 0.1 [-59.09, 59.28] 0.42 [-119.29, 120.13] 0.21 [-41.67, 42.08]

1.80 1 [-321.58, 323.59] 0.7 [-238.35, 239.76] 0.08 [-63.95, 64.11] 0.41 [-129.22, 130.04] 0.21 [-45.18, 45.6]

1.90 1 [-340.04, 342.04] 0.69 [-252.02, 253.41] 0.06 [-67.58, 67.7] 0.41 [-136.64, 137.45] 0.23 [-47.81, 48.26]

VAC (non-lethal) 1.50 1.3 [-206.91, 209.51] 0.92 [-147.67, 149.52] 0.19 [-19.56, 19.94] 0.5 [-80.5, 81.5] 0.23 [-47.62, 48.08]

1.60 1.26 [-242.72, 245.24] 0.9 [-173.24, 175.03] 0.19 [-22.97, 23.35] 0.49 [-94.45, 95.43] 0.21 [-55.82, 56.25]

1.70 1.21 [-272.98, 275.41] 0.87 [-194.84, 196.57] 0.19 [-25.85, 26.23] 0.48 [-106.24, 107.2] 0.2 [-62.75, 63.14]

1.80 1.16 [-295.68, 297.99] 0.83 [-211.04, 212.7] 0.19 [-28.02, 28.4] 0.46 [-115.08, 116.01] 0.18 [-67.94, 68.3]

1.90 1.12 [-312.6, 314.85] 0.82 [-223.12, 224.76] 0.19 [-29.64, 30.02] 0.46 [-121.68, 122.6] 0.17 [-71.8, 72.14]
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G.2 Within-Epidemic Comparison

Table S20: Full results (within-epidemic comparison). Full results with hospital locations (all

cases) are summarized.

Outcome Daily cases Northeast Ituri North Kivu South Kivu

All 2 1.880 [0.446, 3.314] 0.059 [-0.205, 0.324] 1.185 [0.236, 2.135] 0.635 [0.145, 1.125]

3 3.354 [1.360, 5.347] 0.042 [-0.292, 0.375] 2.229 [0.859, 3.598] 1.083 [0.384, 1.783]

4 4.504 [2.078, 6.929] -0.051 [-0.459, 0.358] 2.969 [1.389, 4.549] 1.585 [0.624, 2.547]

5 5.326 [2.759, 7.892] -0.082 [-0.545, 0.381] 3.577 [1.904, 5.249] 1.831 [0.834, 2.828]

6 6.274 [3.219, 9.329] -0.120 [-0.633, 0.393] 4.203 [2.295, 6.111] 2.191 [1.014, 3.367]

7 6.669 [3.503, 9.834] -0.173 [-0.703, 0.357] 4.481 [2.497, 6.465] 2.361 [1.155, 3.566]

Battles 2 0.212 [-0.667, 1.090] -0.109 [-0.305, 0.088] 0.427 [-0.256, 1.110] -0.107 [-0.398, 0.183]

3 0.687 [-0.466, 1.840] -0.171 [-0.440, 0.098] 0.866 [-0.013, 1.745] -0.007 [-0.489, 0.474]

4 0.995 [-0.469, 2.458] -0.293 [-0.634, 0.048] 1.231 [0.233, 2.228] 0.057 [-0.580, 0.694]

5 1.239 [-0.261, 2.738] -0.366 [-0.744, 0.012] 1.466 [0.461, 2.470] 0.139 [-0.525, 0.803]

6 1.547 [-0.096, 3.190] -0.422 [-0.816, -0.028] 1.645 [0.623, 2.667] 0.324 [-0.484, 1.131]

7 1.744 [0.019, 3.469] -0.452 [-0.854, -0.051] 1.747 [0.705, 2.789] 0.449 [-0.414, 1.312]

VAC (lethal) 2 0.372 [-0.075, 0.819] 0.108 [-0.036, 0.253] 0.112 [-0.147, 0.370] 0.153 [-0.033, 0.339]

3 0.623 [0.017, 1.229] 0.184 [0.003, 0.366] 0.198 [-0.175, 0.570] 0.241 [-0.022, 0.504]

4 0.802 [0.070, 1.535] 0.208 [-0.018, 0.435] 0.265 [-0.203, 0.734] 0.329 [-0.013, 0.671]

5 1.008 [0.220, 1.796] 0.238 [0.004, 0.473] 0.369 [-0.137, 0.875] 0.401 [0.038, 0.764]

6 1.409 [0.307, 2.511] 0.285 [0.016, 0.554] 0.537 [-0.142, 1.215] 0.588 [0.165, 1.011]

7 1.478 [0.340, 2.615] 0.271 [0.006, 0.536] 0.559 [-0.154, 1.272] 0.648 [0.217, 1.078]

VAC (non-lethal) 2 1.295 [0.683, 1.906] 0.034 [-0.078, 0.145] 0.678 [0.325, 1.032] 0.583 [0.297, 0.869]

3 2.043 [1.160, 2.926] 0.002 [-0.143, 0.146] 1.166 [0.535, 1.796] 0.876 [0.514, 1.237]

4 2.674 [1.569, 3.779] -0.012 [-0.193, 0.169] 1.446 [0.731, 2.160] 1.241 [0.721, 1.761]

5 3.035 [1.854, 4.217] -0.014 [-0.205, 0.177] 1.694 [0.917, 2.472] 1.355 [0.805, 1.905]

6 3.272 [2.080, 4.464] -0.039 [-0.249, 0.171] 1.973 [1.164, 2.782] 1.338 [0.793, 1.882]

7 3.412 [2.206, 4.618] -0.043 [-0.259, 0.174] 2.126 [1.287, 2.964] 1.329 [0.785, 1.873]
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Figure S32: Outcome surfaces (all cases, cases = 7 vs. 1 per day). Blue and red areas show areas

with decreased and increased violence.

In the within-epidemic analysis, I use the hospital location data of all cases, which reflect a more

complete and accurate picture of the effects of frontier plagues. The effects on lethal violence against

civilians exhibit greater heterogeneity than the effects on non-lethal violence against civilians (Ta-
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ble S20). However, the outcome surface in Figure S32 reveals that lethal violence against civilians

increases in and around major North Kivu cities, consistent with the tactical substitution hypothesis.

Table S21: Full results (distance decay from insurgent bases). Cumulative effects of Ebola inten-

sification on non-lethal violence against civilians. The treatment contrast compares 1 versus 6 daily

Ebola cases.

Distance (km) Point estimate 95% CI % of total 95% CI (%)

5 0.000 [0.000, 0.000] 0.0 [0.0, 0.0]

10 0.046 [0.028, 0.064] 2.1 [1.3, 2.9]

15 0.085 [0.053, 0.118] 3.9 [2.4, 5.4]

20 0.159 [0.100, 0.217] 7.3 [4.6, 10.0]

25 0.293 [0.180, 0.405] 13.5 [8.3, 18.7]

30 0.413 [0.254, 0.572] 19.1 [11.7, 26.4]

35 0.530 [0.333, 0.727] 24.5 [15.4, 33.6]

40 0.678 [0.420, 0.935] 31.3 [19.4, 43.2]

45 0.851 [0.526, 1.177] 39.3 [24.3, 54.4]

50 0.924 [0.575, 1.273] 42.7 [26.6, 58.8]

55 1.137 [0.707, 1.567] 52.5 [32.6, 72.3]

60 1.319 [0.817, 1.821] 60.9 [37.7, 84.1]

65 1.407 [0.876, 1.938] 65.0 [40.4, 89.5]

70 1.566 [0.979, 2.154] 72.3 [45.2, 99.5]

75 1.689 [1.052, 2.325] 78.0 [48.6, 107.3]

80 1.812 [1.129, 2.494] 83.6 [52.1, 115.1]

85 1.916 [1.195, 2.636] 88.4 [55.2, 121.7]

90 2.023 [1.266, 2.780] 93.4 [58.4, 128.3]

95 2.129 [1.333, 2.926] 98.3 [61.5, 135.1]

100 2.166 [1.359, 2.973] 100.0 [62.7, 137.3]

Table S22: Full results (heterogeneity by ETC proximity). CATE of Ebola intensification on bat-

tles as a function of proximity to ETCs.

Daily cases 0.10 0.34 0.52 0.71 0.90

2.00 0.0033 [-0.0003, 0.0068] 0.0018 [-0.0040, 0.0077] -0.0068 [-0.0150, 0.0014] -0.0201 [-0.0370, -0.0032] -0.0361 [-0.0652, -0.0069]

4.00 0.0085 [0.0034, 0.0136] 0.0061 [-0.0027, 0.0148] -0.0141 [-0.0281, -0.0002] -0.0457 [-0.0741, -0.0174] -0.0840 [-0.1318, -0.0363]

6.00 0.0111 [0.0058, 0.0164] 0.0081 [-0.0006, 0.0168] -0.0182 [-0.0338, -0.0026] -0.0592 [-0.0918, -0.0267] -0.1091 [-0.1638, -0.0544]

Table S23: Full results (heterogeneity by poverty). CATE of Ebola intensification on battles as a

function of poverty.

Daily cases 0.1 0.3 0.5 0.7 0.9

2.00 -0.0001 [-0.0004, 0.0003] 0.0000 [-0.0005, 0.0005] -0.0000 [-0.0003, 0.0002] 0.0001 [-0.0000, 0.0003] 0.0000 [-0.0000, 0.0001]

4.00 -0.0005 [-0.0010, 0.0001] 0.0003 [-0.0007, 0.0013] 0.0003 [-0.0001, 0.0007] 0.0001 [-0.0001, 0.0004] 0.0001 [0.0000, 0.0002]

6.00 -0.0006 [-0.0012, 0.0001] 0.0007 [-0.0004, 0.0019] 0.0005 [0.0001, 0.0009] 0.0001 [-0.0001, 0.0004] 0.0001 [0.0000, 0.0002]

Table S24: Full results (heterogeneity by infant mortality). CATE of Ebola intensification on

battles as a function of infant mortality rate (IMR).

Daily cases 0.010 0.058 0.105 0.153 0.200

2.00 0.0003 [0.0000, 0.0005] -0.0001 [-0.0003, 0.0001] -0.0001 [-0.0003, 0.0002] 0.0002 [-0.0001, 0.0004] 0.0005 [-0.0006, 0.0017]

4.00 0.0006 [0.0003, 0.0010] -0.0001 [-0.0005, 0.0002] -0.0002 [-0.0007, 0.0003] 0.0002 [-0.0003, 0.0008] 0.0008 [-0.0016, 0.0033]

6.00 0.0007 [0.0003, 0.0011] -0.0001 [-0.0005, 0.0003] -0.0002 [-0.0007, 0.0004] 0.0000 [-0.0006, 0.0006] 0.0003 [-0.0025, 0.0032]
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G.3 Alternative Mechanisms

Effects on direct tactics. I classify each event of violence against civilians as either a direct (con-

tact) tactic, an indirect (ranged) tactic, or indeterminate, using a combination of ACLED’s sub-event

categories and keyword matching on the event’s text description. Abductions and sexual violence are

coded as contact by definition, since both require physical contact with the victim. For events labeled

as attacks, I apply three keyword sets to the description.

• Contact weapon: machete-d/-s, hack-ed/-ing, stab-bed/-bing, kni-fe/-ves, sword,

panga-/-s, slashed, behead-ed/-ing, decapitat-ed/-ion, throats slit, butchered,

slaughtered, mutilated, tortured, strangled, drowned, burned alive, set ablaze,

set (on) fire, torched, arson, beat-en/-ing, clubbed, and bludgeoned

• Ranged weapon: shot, shoot-s/-ing, fir-ed/-ing, gunfire, gun-man/-men, gunpoint,

gunshot, bullet-/-s, sprayed, opened fire, drive-by, grenade-/-s, mortar-/-s,

bomb-/-ing, explos-ive/-ives/-ion, rpg, landmine, sniper, and blast

• Incursion: raid-/-ed/-ing, storm-ed/-ing, kidnap-/-ped/-ping, abduct-ed/-ion/-ing,

entered the village/house/home, house-to-house, brok-e/-en into, invaded, and incursion

I apply these keyword sets in priority order. Events are coded as contact if they contain a contact-

weapon or incursion keyword, as ranged if they contain a ranged-weapon keyword, and as inde-

terminate otherwise. Table S25 summarizes the effects of intensifying frontier plagues on the three

outcomes. The results provide no evidence of reduced contact or increased use of ranged tactics.

Table S25: Effects of intensifying frontier plagues on contact, ranged, or intermediate vio-
lence against civilians. I set treatment duration to one day; the pattern remains consistent at longer

durations.

Outcome Daily Ebola cases Northeast Ituri North Kivu South Kivu

Contact 2 1.375 [0.735, 2.014] 0.096 [-0.040, 0.232] 0.726 [0.356, 1.095] 0.553 [0.273, 0.833]

3 2.240 [1.338, 3.142] 0.117 [-0.068, 0.302] 1.332 [0.684, 1.980] 0.791 [0.452, 1.131]

4 2.842 [1.813, 3.871] 0.128 [-0.095, 0.351] 1.690 [0.962, 2.418] 1.024 [0.616, 1.432]

5 3.120 [2.050, 4.191] 0.127 [-0.104, 0.359] 1.924 [1.137, 2.711] 1.069 [0.661, 1.476]

6 3.225 [2.134, 4.315] 0.109 [-0.130, 0.347] 2.139 [1.316, 2.962] 0.978 [0.560, 1.395]

7 3.281 [2.184, 4.377] 0.087 [-0.151, 0.324] 2.246 [1.402, 3.091] 0.948 [0.530, 1.365]

Ranged 2 -0.178 [-0.402, 0.045] -0.020 [-0.065, 0.025] -0.097 [-0.221, 0.028] -0.062 [-0.185, 0.061]

3 -0.206 [-0.535, 0.124] -0.031 [-0.087, 0.025] -0.122 [-0.319, 0.076] -0.053 [-0.217, 0.112]

4 -0.197 [-0.594, 0.199] -0.035 [-0.100, 0.031] -0.143 [-0.388, 0.102] -0.020 [-0.211, 0.171]

5 -0.091 [-0.520, 0.339] -0.030 [-0.098, 0.038] -0.093 [-0.355, 0.170] 0.032 [-0.178, 0.241]

6 0.257 [-0.386, 0.900] -0.028 [-0.102, 0.047] 0.047 [-0.286, 0.379] 0.238 [-0.102, 0.578]

7 0.376 [-0.302, 1.055] -0.029 [-0.106, 0.048] 0.103 [-0.248, 0.454] 0.303 [-0.055, 0.660]

Intermediate 2 0.448 [0.146, 0.750] 0.064 [-0.020, 0.148] 0.181 [0.047, 0.316] 0.203 [0.054, 0.352]

3 0.587 [0.155, 1.020] 0.088 [-0.037, 0.213] 0.196 [-0.021, 0.413] 0.304 [0.111, 0.496]

4 0.746 [0.135, 1.357] 0.103 [-0.073, 0.280] 0.228 [-0.069, 0.525] 0.415 [0.149, 0.680]

5 0.928 [0.257, 1.599] 0.139 [-0.053, 0.332] 0.290 [-0.031, 0.612] 0.499 [0.209, 0.788]

6 1.128 [0.370, 1.886] 0.187 [-0.044, 0.419] 0.356 [-0.034, 0.746] 0.584 [0.291, 0.877]

7 1.172 [0.396, 1.947] 0.196 [-0.041, 0.433] 0.363 [-0.055, 0.781] 0.612 [0.318, 0.906]
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Effects of reducing the number of Ebola patients. I compare the effects of reducing Ebola cases

from the median number (34 per day) to 25, 15, and 5 daily cases. As expected from the main analysis,

I observe the opposite pattern of intensifying Ebola cases (see Figure S33). The pattern is consistent

across a range of the intervention durations (1–7 days).
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Figure S33: Reducing the number of Ebola cases does not intensify civil conflict. The treatment

contrast compares 34 daily Ebola cases with counterfactual levels of 25, 15, and 5 cases (duration = one

day), corresponding to reductions of 9, 19, and 29 cases.

Mediating effects of clinical symptoms. The indirect effects of increasing the proportion of pa-

tientswith bleeding (while keeping the number of Ebola patients) are not statistically significant across

all regions (Figure S34).
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Figure S34: Effects of increasing the proportion of patients with hemorrhage. Indirect effects
are shownwhile the number of Ebola patients is held fixed at 6. The x-axis represents the 𝛿 parameter,

with higher values indicating larger proportions of patients with bleeding.
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H Threats to Inference

H.1 Spatial Support Stationarity

A potential concern for the overlap assumption, especially for Ebola given its high case fatality rate, is

that the disease permanently removes locations from the spatial support. If individuals at a location

die or flee and no new cases arise there, the set of patient-generating locations could shrink over time

and reduce overlap between the observed and counterfactual treatment distributions.

I employ a nearest-neighbor diagnostic to examine the validity of spatial support stationarity. For

each week in the study period, I compute the distance from every new patient to the nearest patient

from all prior weeks and report the share within 1 km, a conservative threshold that approximates the

spatial precision of the village-level geocoding (Section C.1). The comparison to all prior weeks rather

than only adjacent weeks provides the strongest test because, if any previously affected location still

generates patients, the nearest-neighbor distance remains small regardless of week-to-week fluctua-

tions. I conduct this test for all three geocoded location types: symptom onset, patient residence, and

hospital (Section C.1).

Figure S35 shows that all three series rise monotonically toward 100%, withmedian weekly shares

of 98.9% (hospital), 99.4% (onset), and 99.6% (residence). At no point do new patients systematically

appear farther from previously affected locations.
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Figure S35: Spatial support stationarity. Each point shows the weekly share of new patients within

1 km of a prior patient. Curves are LOESS fits. All three location types converge to 100%, with no

downward trend. Thus, the spatial support does not shrink over the course of the epidemic.
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H.2 Robustness to Forest Cover

The cross-epidemic comparison could be confounded by forest cover, which is spatially correlated

with both fruit-bat habitat and pre-existing insurgent presence. I address this concern by augmenting

the propensity score model with province-level mean forest cover, computed from the Copernicus

tree-cover product and aggregated to admin-1 polygons in DRC, Uganda, and Rwanda from GADM.

The province-level aggregation is substantively appropriate because the confounding pathway oper-

ates at the ecological-zone scale (broad regions of fruit-bat habitat, not individual pixels), and avoids

pixel-level collinearity with the admin-2 indicators already in the propensity score model. Under this

specification, the interaction effect on non-lethal violence against civilians in northeast DRC is 1.60

attacks per week [95%CI: 0.55, 2.64]. Controlling for forest cover therefore does not weaken the main

result.

H.3 Placebo Outcome Tests

I conduct a placebo test using an outcome that shares the same spatial confounding structure as polit-

ical violence but has no plausible causal link to Ebola intensification. I replace the violence outcome

with the onset of satellite-detected fires fromNASA’s Visible Infrared Imaging Radiometer Suite (VI-

IRS) on the Suomi NPP satellite (Schroeder et al., 2014). VIIRS detects active fires at 375-meter reso-

lution with daily global coverage. This placebo leverages the similar confounding structure between

political violence and slash-and-burn fires. Shared confounders include remote, rural, and under-

served geography, reservoir-animal habitat, road networks, and population density. Actor-driven

dynamics such as MONUSCO presence and pre-existing conflict zones also propagate to both vio-

lence and fire incidence through settlement, agriculture, and displacement. Null effects on wildfires

across this broad set of confounders therefore provide correspondingly broad coverage of uncon-

foundedness threats.

Fire onsets serve as a suitable placebo outcome for two reasons. First, fires in the DRC, which are

predominantly agricultural slash-and-burn fires, share spatial confounders with political violence.

Both cluster in rural, remote, and underserved areas with low state presence. Although slash-and-

burn fires are more prevalent in the central and southern savannas than in the forested northeast

where Ebola concentrated, fires do occur throughout the study region and their spatial distribution

shares the same confounders that could bias themain results. Second, there is no plausiblemechanism

throughwhich an intensified Ebola outbreakwould cause new fires to ignite. Thus, if themain results

reflect a genuine causal effect of Ebola intensification on violence rather than a spurious correlation

driven by shared spatial confounders, the placebo test should yield null effects for fire onsets across

all treatment contrasts, lag structures, and geographic windows.
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I obtain VIIRS data from the NASA Fire Information for Resource Management System (FIRMS)

(see firms.modaps.eosdis.nasa.gov) for the DRC, Uganda, and Rwanda over the study period

(August 2, 2018 to June 23, 2020) and retain only high-confidence detections tominimize false positives

from sun glint, hot surfaces, or industrial heat sources. Because VIIRS could capture the same fire

on consecutive satellite passes, I identify new fire onsets by clustering detections within 1-kilometer

grid cells and treating a detection as a new onset only if no fire was detected in the same cell during

the preceding seven days. I then construct a hyperframe of weekly fire onset point patterns, smooth

the outcomes, and estimate the ATE of Ebola intensification on fire onsets.

Table S26 summarizes the placebo test results. Across all regions and specifications, the effects

remain null.
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Table S26: Placebo test results. The effects of Ebola intensification on satellite-detected fires are

summarized. The Ebola column indicates the number of daily cases.

Lag Ebola Northeast Ituri North Kivu South Kivu

1 2 0.575 [-1.257, 2.408] -1.46 [-2.34, -0.579] -0.191 [-0.328, -0.055] 2.226 [0.434, 4.018]

3 0.947 [-2.429, 4.322] -2.398 [-4.009, -0.787] -0.312 [-0.558, -0.066] 3.657 [0.489, 6.824]

4 1.521 [-3.654, 6.696] -2.903 [-5.223, -0.583] -0.411 [-0.761, -0.061] 4.835 [-0.082, 9.753]

5 2.317 [-4.411, 9.046] -3.137 [-5.877, -0.397] -0.45 [-0.868, -0.031] 5.905 [-0.584, 12.393]

6 2.738 [-4.823, 10.299] -3.298 [-6.318, -0.278] -0.48 [-0.946, -0.015] 6.516 [-0.807, 13.839]

7 3.111 [-5.036, 11.259] -3.394 [-6.555, -0.234] -0.493 [-0.986, -0.001] 6.999 [-0.922, 14.92]

2 2 -0.612 [-3.877, 2.652] -1.277 [-3.196, 0.642] -0.092 [-0.415, 0.231] 0.757 [-1.279, 2.792]

3 0.739 [-8.205, 9.684] -1.817 [-5.493, 1.859] -0.052 [-0.87, 0.767] 2.608 [-3.292, 8.508]

4 2.077 [-9.106, 13.261] -1.555 [-6.003, 2.893] 0.025 [-0.964, 1.015] 3.607 [-3.798, 11.011]

5 3.264 [-6.922, 13.45] -1.046 [-5.524, 3.433] 0.128 [-0.758, 1.014] 4.182 [-2.863, 11.226]

6 3.041 [-4.455, 10.536] -1.904 [-6.131, 2.323] 0.134 [-0.517, 0.784] 4.811 [-1.003, 10.625]

7 3.14 [-4.504, 10.784] -2.298 [-6.956, 2.36] 0.157 [-0.514, 0.827] 5.282 [-0.435, 10.998]

3 2 -0.143 [-40.134, 39.847] -1.348 [-13.847, 11.151] -0.068 [-3.334, 3.198] 1.273 [-23.186, 25.731]

3 0.867 [-110.379, 112.112] -1.285 [-35.732, 33.161] -0.001 [-9.027, 9.024] 2.153 [-65.773, 70.08]

4 0.697 [-112.628, 114.022] -2.319 [-31.071, 26.433] 0.007 [-9.326, 9.34] 3.009 [-72.532, 78.55]

5 0.862 [-94.06, 95.784] -2.551 [-24.947, 19.844] -0.006 [-7.666, 7.654] 3.42 [-61.896, 68.736]

6 1.384 [-36.215, 38.984] -2.626 [-11.247, 5.994] 0.025 [-2.931, 2.981] 3.985 [-23.457, 31.428]

7 2.545 [-21.555, 26.645] -2.672 [-9.132, 3.788] 0.098 [-1.745, 1.941] 5.119 [-13.284, 23.522]

4 2 0.881 [-119.014, 120.776] -0.722 [-27.686, 26.243] -0.02 [-10.107, 10.067] 1.623 [-81.27, 84.516]

3 3.427 [-292.925, 299.779] -0.046 [-68.789, 68.697] 0.179 [-24.563, 24.921] 3.294 [-199.65, 206.238]

4 4.069 [-330.329, 338.468] -0.582 [-66.175, 65.01] 0.238 [-27.776, 28.252] 4.414 [-236.487, 245.314]

5 4.045 [-166.202, 174.291] -0.468 [-34.596, 33.66] 0.25 [-14.091, 14.592] 4.262 [-117.731, 126.256]

6 5.162 [-94.376, 104.7] -0.056 [-20.811, 20.698] 0.317 [-7.883, 8.516] 4.902 [-66.079, 75.883]

7 6.048 [-44.136, 56.233] 0.513 [-11.022, 12.049] 0.375 [-3.669, 4.42] 5.16 [-30.285, 40.605]

5 2 0.568 [-403.187, 404.323] -0.909 [-56.973, 55.155] 0.01 [-33.862, 33.882] 1.467 [-312.411, 315.345]

3 3.205 [-1895.705, 1902.115] -0.791 [-242.36, 240.777] 0.131 [-149.152, 149.415] 3.865 [-1504.214, 1511.944]

4 4.781 [-1459.014, 1468.576] 0.559 [-268.37, 269.488] 0.257 [-114.909, 115.423] 3.965 [-1075.763, 1083.693]

5 7.647 [-2135.843, 2151.136] 1.137 [-397.707, 399.982] 0.413 [-161.828, 162.654] 6.096 [-1576.33, 1588.522]

6 8.84 [-905.592, 923.271] 2.081 [-194.779, 198.941] 0.485 [-67.975, 68.946] 6.273 [-642.896, 655.442]

7 7.086 [-87.977, 102.148] 1.949 [-19.413, 23.311] 0.442 [-6.947, 7.831] 4.695 [-62.125, 71.514]

6 2 -0.253 [-396.521, 396.015] -0.259 [-26.302, 25.784] -0.111 [-33.648, 33.426] 0.117 [-336.584, 336.818]

3 4.56 [-7498.913, 7508.032] 0.693 [-751.209, 752.596] 0.155 [-578.517, 578.826] 3.711 [-6169.189, 6176.612]

4 6.55 [-5495.272, 5508.371] 0.847 [-538.23, 539.924] 0.266 [-412.677, 413.209] 5.437 [-4544.367, 4555.24]

5 7.354 [-2120.131, 2134.84] 1.679 [-281.486, 284.844] 0.277 [-154.475, 155.029] 5.398 [-1684.18, 1694.975]

6 3.952 [-186.779, 194.683] 2.907 [-40.616, 46.43] 0.143 [-14.858, 15.144] 0.902 [-131.433, 133.237]

7 2.706 [-39.865, 45.276] 4.415 [-10.492, 19.321] 0.115 [-3.369, 3.6] -1.824 [-27.014, 23.366]

7 2 -0.47 [-1173.101, 1172.162] -0.292 [-44.689, 44.105] -0.151 [-96.044, 95.742] -0.027 [-1032.369, 1032.316]

3 0.291 [-4146.324, 4146.907] 0.248 [-295.307, 295.803] -0.118 [-331.485, 331.25] 0.161 [-3519.533, 3519.855]

4 3.923 [-5119.194, 5127.039] 0.636 [-399.297, 400.569] 0.087 [-386.397, 386.572] 3.199 [-4333.502, 4339.901]

5 1.1 [-940.392, 942.593] 1.584 [-140.209, 143.377] -0.104 [-72.31, 72.102] -0.38 [-727.89, 727.131]

6 -1.805 [-113.605, 109.996] 2.531 [-26.558, 31.62] -0.272 [-9.279, 8.736] -4.064 [-78.034, 69.906]

7 -1.65 [-26.811, 23.51] 2.777 [-4.486, 10.041] -0.279 [-2.229, 1.671] -4.148 [-21.525, 13.228]

50


	Introduction
	Frontier Plagues
	A Typology of Epidemics
	The Containment Trap: Frontier Plagues and Insurgent Violence
	Disease Burden and Political Geography as Natural Cleavages
	Testable Hypotheses

	Context and Data
	Outbreak-level Data
	Individual-level Data
	Political Violence Events
	Descriptive Evidence

	Methods
	Overview
	Identification Strategy
	Counterfactual Design

	Results
	Interaction Effects of Disease Burden and Political Geography
	Spatial and Tactical Substitutions

	Conclusion
	Spatiotemporal Causal Inference Design
	Average Treatment Effects
	Heterogeneous Treatment Effects
	Causal Mediation Analysis

	Microlevel Data and Context
	Outbreak-level Data
	Patient-level Line List
	Ethical Considerations
	ACLED Dataset

	Data-Generating Process
	Geolocations of Ebola Patients
	Ebola Treatment Centers (ETC)
	Moderators for Heterogeneity Analyses

	State Capacity: Descriptive Evidence
	Context
	Search Strategy
	Treatment Centers
	Diagnostic Laboratories
	Coercive Capacity

	Estimation: Cholera
	Model Specification
	Model Performance
	Counterfactuals

	Estimation: Ebola
	Model Specification: Hospital Locations
	Model Performance: Hospital Locations
	Model Specification: Onset Locations
	Model Performance: Onset Locations
	Counterfactuals
	Causal Mediation Analysis

	Full Results
	Cross-Epidemic Comparison
	Within-Epidemic Comparison
	Alternative Mechanisms

	Threats to Inference
	Spatial Support Stationarity
	Robustness to Forest Cover
	Placebo Outcome Tests


