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Mathieu Couttenier∗, Julian Marcoux†, Thierry Mayer‡ and Mathias Thoenig§

1 Introduction

Armed conflicts and organized violence remain pervasive in the modern world: approxi-

mately one third of the world population lived in a country experiencing a conflict in 2016

(Korovkin and Makarin, 2021). This high prevalence of violence carries significant implica-

tions for economic growth, particularly for the development of low-income countries. The

Organisation for Economic Co-operation and Development (OECD) reported in 2009 that

60% of the world’s poorest countries were affected by armed conflicts, which it considered

a major hindrance to their ability to progress and develop (OECD, 2009).

Furthermore, development policies that are thought to work reasonably well in peaceful

environments may not necessarily be effective in violent contexts. A recent empirical liter-

ature, following Nunn and Qian (2014), has shown that humanitarian aid and food assis-

tance programs may inadvertently exacerbate violence in recipient countries. Additionally,

Crost et al. (2014) document instances in the Philippines where insurgents deliberately un-

dermined a development program funded by the World Bank. Their motivation stemmed

from the belief that the potential success of the program could weaken their support among

the local population. These findings underscore the need for a more comprehensive quan-

titative assessment of the functioning of development policies in conflict-prone countries.2

1Corresponding author: Mathias Thoenig (mathias.thoenig@unil.ch). Helpful comments from David Atkin,
Patrick Francois, Jeremy Laurent-Lucchetti, Fernando Parro, Luigi Pascali, Frederic Robert-Nicoud, Este-
ban Rossi-Hansberg, as well as from participants of seminars and conferences at Alicante, Bristol, CEMFI,
ECONtribute in Cologne, Graduate Institute, Kiel-CEPR Conference on Geoeconomics, Mannheim, Not-
tingham, NYUAD, Oxford, Polytechnique, Pompeu Fabra, Princeton-Yale-CEPR Symposium on Political
Economy, Princeton IES Summer Trade Workshop, Saint-Gallen, SMYE 2023, UAB, Warwick are gratefully
acknowledged. We thank Matteo Moglia for excellent research assistance. Mathias Thoenig acknowledges
financial support from the SNF grant "Quantitative Spatial Models of Violence and Migration" (204899).
∗ENS de Lyon, Center for Economic Research on Governance, Inequality and Conflict, and CEPR
†Department of Economics, University of Lausanne.
‡Sciences-Po, CEPII and CEPR
§Department of Economics, University of Lausanne; IMD; and CEPR.
2Recognizing this imperative, the United Nations has responded by adopting a Triple Nexus Development-

Peace-Humanitarian doctrine aimed at addressing this concern: https://www.un.org/humansecurity/
wp-content/uploads/2022/03/FINAL-Triple-Nexus-Guidance-Note-for-web_compressed.pdf
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One illustrative example of the complexity involved can be found in the ambiguous impact

of road and infrastructure construction: on the one hand, it can enhance trade and appease

tensions, while on the other hand, it may also facilitate border-crossing and intensify vio-

lence intended to grab that newly generated income. Similarly, structural transformation

can amplify rural-urban disparities, thereby rendering specific regions more vulnerable to

conflicts. In order to design effective policy interventions in the most fragile regions, it

is therefore essential to comprehend the intricate general equilibrium interactions between

economic factors and conflicts.3

The objective of this paper is to develop a quantitative spatial model that combines the

economic and fighting margins in a tractable and estimable manner. Our approach, focused

on the African continent, is based on two premises. First, violence in Africa involves groups

with a remarkable ability for spatial projection. These groups often extend the reach of

their violence far beyond their rear bases, enabling us to measure the violence as a flow

with discernible origins and destinations: identical when violence is exerted locally, origin

and destination do differ when violence is exerted at a distance. This perspective departs

from the “place-based” analysis prevailing in existing empirical work on intrastate conflict

data and allows for a more subtle understanding of the nature of violence. Second, in the

tradition of the influential works of Olson (1993), Tilly (1985) and Dal Bó and Dal Bó

(2011), we model conflict and war-making as organized crime: fighting groups are primarily

seen as stationary or roving bandits exerting violence to appropriate population’s income.

This view has received considerable empirical support in the literature.4

A modeling challenge relates to the coupling of the trade and fighting decision margins

in general equilibrium. To tackle this issue, we use the fact that both trade and conflict

can be micro-founded in models that generate CES-like functional forms governing aggre-

gate behaviors (referred to as gravity in trade models, and as contest success function in

3 Quoting McGuirk and Burke (2020) “Modeling general equilibrium forces is important as economic shocks
that alter the opportunity cost of violence could also affect the spoils of victory or a government’s capacity
to repel insurgents, yielding an unclear relationship. This ambiguity is reflected in a markedly inconclusive
empirical literature, characterized by inconsistent findings and by significant identification challenges: income
may affect conflict; conflict may affect income; and both”.
4Scholars working on conflicts typically assign the causes of conflict to two categories: greed and grievances

(Collier and Hoeffler, 2004). It is now well-documented empirically that greed emerges as a primary driver
of violence. The direct form of appropriation encompasses various activities such as looting, extortion,
forced labor, and the outright theft of land and resources. This form of appropriation is particularly evident
in the control exerted over natural resources like oil and minerals, where competition for resource control
becomes a catalyst for conflict (Dube and Vargas, 2013; Berman et al., 2017; Sanchez de la Sierra, 2020).
Furthermore, conflicts can be fueled by land disputes arising between transhumant pastoralists and sedentary
agriculturalists, which stem from issues related to land tenure and unequal access to fertile land (McGuirk
and Nunn, 2024; Eberle et al., 2024; Berman et al., 2021). Numerous other apparent causes of conflicts
can also be viewed through the lens of appropriation. Political, cultural, and religious motives are frequently
employed as justifications by armed groups; however, they can also serve as a smokescreen to mask acts of
appropriation. This dynamic is particularly noticeable in secessionist movements and ethnic conflicts, where
the pursuit of resource control and territorial dominance often underlies the surface motivations.
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conflict models). This implies that we can use recent advances in methods proposed by

the quantitative spatial economics literature (Redding and Rossi-Hansberg, 2017; Redding,

2022) to model the conflict margin. Of particular importance is our theoretical derivation

of a structural “gravity of violence”, parallel to the trade-in-goods counterpart, a major

building block for quantitative spatial models (Allen et al., 2020). The gravity of violence

equation embeds the standard channels through which income affects violence, which have

been the focus of the previous literature. It also reveals a new channel related to spatial

competition in the appropriation market among fighting groups, which we refer to as the

Multilateral Resistance of Violence (MRV), using the terminology introduced in trade by

Anderson and van Wincoop (2003). Then, we show how the structural parameters can

be recovered from the data in a simple and transparent way using estimates of the gravity

of violence as central elements. The overall approach is portable and frugal in terms of

data requirements, which proves advantageous when analyzing conflict zones characterized

by economic deprivation and limited data availability. An additional empirical contribution

is the documentation and implementation of a procedure to construct bilateral flows of

violence from standard place-based microdata on conflicts, such as the Armed Conflict

Location and Event Dataset (ACLED).

A benefit of our structural approach compared to standard reduced-form designs is to

enable simulations of different counterfactual scenarios. The final part of the paper runs

two scenarios and provides novel general equilibrium quantification of their consequences on

income, welfare and violence. The structural model also allows for several decomposition

exercises, enabling us to quantify the contribution of each behavioral margin to overall

violence. Our first simulation explores the consequences of a 10% exogenous increase in

farming productivity within the Kanuri region, where Boko Haram (one of the most violent

groups in Western Africa) operates. This exercise addresses a debated question in the

conflict literature regarding how income shocks influence violence. The analysis reveals that

competition in the appropriation market shapes the spatial reshuffling of violence, leading to

overall pacification of the area that extends well beyond the Kanuri region. Interestingly,

productivity in nearby regions also rises as they experience a reduction in violence and

destruction. This spatial diffusion of a productivity shock through reduced violence, an

innovative feature of our model, is a first-order and relevant channel for development

policy. When the counterfactual accounts for the general equilibrium feedback effects of

violence, the predicted welfare increase from the TFP shock in the Kanuri region rises by

around 40%.

Our second counterfactual analysis quantifies the expected changes in violence and devel-

opment due to the “Sahelxit,” which occurred on January 28th, 2024, when Burkina Faso,

Mali, and Niger withdrew from the CEDEAO (ECOWAS in English) trade agreement. The

prospective economic consequences of trade disintegration has been studied extensively

5
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recently for the case of Brexit (Sampson, 2017, covers several ex-ante quantifications).

However, there has been to our knowledge no evaluation of such policy experiment account-

ing for the interaction of economic and violence margins, which is important for Sahelxit,

given the degree of violence witnessed in the region. Our model addresses this gap by

simulating the interactions between trade-induced income changes and violence. We find

that exiting the agreement results in a loss of economic opportunities, making looting rel-

atively more attractive and drawing more fighters. Consequently, regions breaking away

from CEDEAO experience a significant income drop and exert more violence outwards,

while other regions exert less. In net, the level of violence increases in almost all regions

in Western Africa, likely further destabilizing this part of the continent.

Literature: The economic literature on conflicts has experienced notable empirical ad-

vances over the past fifteen years, driven by the availability of geolocalized data on violent

events at a fine-grained level. Among the most recent papers using such data: Dube and

Vargas (2013); Michalopoulos and Papaioannou (2016); Berman et al. (2017); Harari and

Ferrara (2018); McGuirk and Burke (2020); Moscona et al. (2020); McGuirk and Nunn

(2024). These studies typically look at the local socio-economic drivers of conflicts and

do not explore the spatial determinants of violence.5 Moreover, they do not explicitly aim

to bring formal models to the data, making it difficult to quantify the welfare implications

of counterfactual policy interventions.

A small set of papers makes use of quantitative models to analyze conflicts. The pioneering

work by Francois et al. (2015) assesses how much coups and revolutions shape cabinet

allocations by ethnicity in sub-Saharan Africa. König et al. (2017) present a structural

framework that allows to estimate fighting externalities in networks of military alliances

and enmities among armed groups in Africa. Adhvaryu et al. (2021) estimate a two-player

model of conflict where military capacities are influenced by natural resource endowments.

None of these studies model or estimate the impact of spatial frictions. Amarasinghe et al.

(2020) and Mueller et al. (2022) explore with a structural approach the theoretical and

empirical aspects of violence diffusion in spatial networks of fighting groups. These two

papers provide valuable insights into the violent behavior of geographically located fighting

groups. However, they adopt a partial equilibrium analysis that captures the impact of

economics on conflict in a reduced form, typically represented by an exogenous “prize of

the contest”. As a consequence, they are silent on the feedback loop from the fighting

equilibrium on the economy. More generally, the quantitative literature on conflicts has not

yet explored the various general equilibrium channels through which economic development

5Some of these papers (Berman et al., 2017, for instance) estimate theory-free models that examine the
spatial decay of predictors of violent events, such as the impact of a spike in the global market price of locally
produced resources (e.g., minerals or crops) on violence at various distances (e.g., 50km, 100km, 500km).
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and violence may potentially interact, despite repeated calls from prominent scholars for a

better understanding of these mechanisms (Dell et al., 2014; Burke et al., 2015).6 Our

paper aims at filling this gap by building a quantitative general equilibrium model of violence.

Finally, our paper contributes to the modern literature on spatial economics by extend-

ing the existing framework of Quantitative Spatial Models (QSM) to address the context

of weakly institutionalized countries. Doing so, we deviate from the standard structure

of QSMs (see Redding and Rossi-Hansberg, 2017; Redding, 2022, for recent surveys) by

accounting for a key characteristic of these countries, namely the presence of a violent con-

text characterized by inadequate enforcement of property rights and limited state capacity.

Our research aligns with the recommendation put forth by Proost and Thisse (2019) in

their survey of the spatial economics literature: “when the economy is mainly informal and

market institutions do not function well, we need new models.”

The remainder of the paper is as follows: Section 2 sets up the theoretical microfoundations

of our framework, and shows how the two main gravity equations for trade and violence

are derived and also how they interact in the general equilibrium of our model. The gravity

equation of bilateral violence is the main empirical novelty of our paper, and is estimated

in Section 3, which also describes our data. Section 4 then takes estimated frictions from

this estimation and explains how the rest of parameters needed to simulate the model

are recovered by combining the structure of the model with observables. Section 5 runs

counterfactual simulations. The paper is accompanied by an Online Appendix available on

the webpage of the corresponding author.7

2 Theory

Our theoretical setup models the interactions between two activities in a multi-regional

world: producing tradable goods (farming) and appropriating them (fighting). Individuals

choose to allocate their labor to either farming or fighting. Inter-regional frictions hinder

both the ability of workers to ship their production to non-local markets, and the ability of

fighters to steal income generated at long distance from their home base. These frictions

generate two gravity-like equations: one for trade in goods and one for bilateral flows

of violent activity. The two equations are interconnected through labor market clearing

conditions and optimal occupational choices in each region, ensuring general equilibrium.

We begin by describing the gravity equations, and then solve for the equilibrium.

6The seminal contribution by Dal Bó and Dal Bó (2011) considers such general equilibrium interactions in
a purely theoretical setup.
7The webpage can be found at: https://people.unil.ch/mathiasthoenig/.
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2.1 Gravity of goods

There are N regions indexed by i , with a population of L̄i that freely allocates between

farming (Li) and fighting (li). In this Armington (1969) economy, each region i produces

a single variety of the farming (tradable) good, and is the sole source of this variety.

Consumers in region n have a CES utility which aggregates the quantities qin shipped from

producing regions i . It is given by Un =
(∑N

i=1(qin)
σ−1
σ

) σ
σ−1

with σ > 1. With perfect

competition and iceberg trade costs τin, the market price is equal to pin = τinwP
i /Ai , with

wP
i and Ai representing the wage of farmers (producers) and their productivity, respectively.

The share of aggregate expenditure En that consumers in region n spend on the variety

from i is given by:

πin ≡
(τinw

P
i /Ai)

1−σ∑
k(τknw

P
k /Ak)

1−σ . (1)

The equilibrium bilateral trade flow is given by:

Yin = πinEn = τ
1−σ
in ×

(
wP
i

Ai

)1−σ
×

En∑N
k=1

(
τknw

P
k

Ak

)1−σ , (2)

which one of the many formulations of the gravity equation for goods belonging to the

class of “structural gravity” (Head and Mayer, 2014).8 The aggregate trade revenues

of producing region i (including internal trade) are the sum of trade revenues from all

destination regions n:

wP
i Li =

N∑
n=1

πinEn, (3)

where Li is the endogenous labor supply of farmers in region i . Together, these equations

provide the framework for understanding the partial equilibrium of trade in our model.

2.2 Gravity of violence

Let us now turn to patterns of inter and intra-regional violence, considering violence as

an appropriation game between origins i and destinations n. Each origin region potentially

hosts a fighting group that recruits li fighters at a local competitive wage wF
i and optimally

assigns them to regional “targets” n subject to a spatial friction factor ξin > 1. Each

destination region is characterized by its local state capacity, sn ∈ [0, 1], which stands for

the share of its gross income Yn that is secured by local authorities through various means,

including police, military forces, and property rights enforcement in general. It is assumed

8The most commonly used microfoundations include Anderson and van Wincoop (2003) (which we draw
upon here), Krugman (1980), Eaton and Kortum (2002), and Chaney (2008).
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to be exogenous in the baseline model.9 In contrast, the residual share (1 − sn) of its

income is unsecured and is looted by fighting groups which operate in n.

Appropriation is modeled as a repeated game which we briefly outline here (see Appendix 8

for more details). Farmers first receive their wages in n (front-loaded payment) and fighters

are allocated across regions, initiating a series of repeated contests over the lootable portion

of income. Each stage game involves: (i) securing a share sn of regional income in a

permanent way; (ii) competition among fighting groups for the remaining unsecured share;

(iii) repatriation of fighting revenues to origin regions before the next stage begins. The

sequence of contests ends when the residual unsecured income becomes “ε-negligible”,

resulting in aggregate income being fully secured in all regions.10 An important distinction

in the model is between aggregate gross income Yn (only partly secured) and aggregate

expenditure En (fully secured). With the assumed micro-foundations of our model, they

are linked by the following relation:

En = snYn. (4)

Therefore, the aggregate ratio En/Yn is not affected by the endogenous level of fighting.

This convenient feature, while not essential, enhances the analytical tractability of the GE

framework; alternative micro-foundations are presented in Appendix 8.

On the battlefield of region n, the fighting group originating from i produces observable

violence with the following constant returns to scale technology:

violencein = ψi lin, (5)

where lin is the number of fighters assigned by i to n and the productivity parameter ψi
is referred to as i ’s fighting capacity. In turn, the operational performance of group i

on the battlefield is calculated as the ratio of its produced violence to the spatial friction

factor ξin, multiplied by a Frechet unobservable shock, ũin, with shape parameter γ > 0

which captures how homogeneous is military luck over different military group-destination

combinations. Victory in the battle for lootable income in n goes to the group with largest

operational performance. From our functional form assumptions, the probability that i

9In the counterfactual analysis of Section 5.1, we introduce two extensions to the model to account for
feedback loops. One extension allows sn to increase with the level of income Yn while the other captures the
destructive impact of total violence in n on farming productivity An.
10Dynamically, farmers are first looted by fighters, who are in turn looted by other fighters, and so on. To
understand the law of motion of unsecured income, we need to perform an accounting of the looted and
repatriated resources across regions at each stage of the game. Note that, for any arbitrary small ε > 0, the
end game period T has an order of magnitude given by maxn(1 − sn)T < ε. As a result, the model allows
for asymptotic convergence only for ε = 0. See Appendix 8 for details.

9
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succeeds is:

pin ≡ Prob
(
ψi linũin
ξin

>
ψk lknũkn
ξkn

, ∀k ̸= i
)
=

(ψi lin/ξin)
γ∑N

k=1 (ψk lkn/ξkn)
γ
. (6)

This equation describes the probability of success and hence the incentives for a fighting

group in i to launch operations in n. This constitutes the first key element of the gravity

of violence. The second brick required to obtain gravity pertains to optimizing the spatial

allocation of troops (lin). This allocation aims to maximize i ’s gross fighting revenues.

For tractability, we assume atomistic players. One advantage of this assumption is the

simplification of strategic interactions; there is, in particular, no market power on the

appropriation market. Each fighting group best-responds to other groups’ actions but

does not internalize its impact on aggregate violence. Second, the continuum assumption

implies that the winning probability pin can be interpreted as the realized share of income

in n captured by group i .11 Expected looting revenues of i thus match their realized value,

E(Ri) = Ri , and the objective function is given by:

Ri ≡ max
{lin}

N∑
n=1

pin × (1− sn)Yn s.t. li =

N∑
n=1

lin. (7)

Looting revenues are then redistributed among fighters. In consequence, we have Ri =

wF
i li . To obtain a concave maximization problem of Ri with respect to the optimal alloca-

tions of fighters lin, we assume 0 < γ < 1, which is supported by our empirical estimate (we

find γ̂ = 0.453). This assumption also ensures that an interior solution exists. Solving for

the optimal allocation of troops, taking wages as given, and using the resulting lin across

regions in (6) yields:12

violencein ≡ ψi lin = ξ
− γ
1−γ

in ×
(
ψi

wF
i

) 1
1−γ

×
(1− sn)Yn∑N

k=1 ξ
− γ
1−γ

kn

(
ψk
wFk

) γ
1−γ
. (8)

This equation for the equilibrium flow of violence from i to n exhibits strong similarities

with gravity equations in trade/migration models (the parallel can be seen by comparing

with equation 2).13 However, it is a gravity equation driving the “quantity” of violence,

which is what we observe in the dataset at hand. The bilateral violence flows in value is

wF
i lin = violencein ×

(
wFi
ψi

)
. This allows to write an expression (parallel to aggregate

11This modeling strategy is similar to various approaches in trade which micro-found aggregate gravity flows
out of individual behavior of heterogeneous agents (see section 2.3 of Head and Mayer, 2014).
12The full derivation is provided in Appendix 9.
13Note that the model allows for all bilateral flows possibilities: local looting whenever ξi i < ∞, raiding
whenever ξin <∞ with i ̸= n, and even zero violence when ξin =∞.

10
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trade revenues in equation 3) for the aggregate looting revenues of fighters in region i :

wF
i li =

N∑
n=1

violencein ×
(
wF
i

ψi

)
. (9)

Economic shocks such as changes in wages impact violence in complex ways, channeled by

the full spatial structure in equation (8). An increase in income at origin (wF
i ) leads to a

decrease in violence emanating from i , while an increase in income at destination (wP
n , and

therefore the amount of appropriable resource Yn) results in an increase in violence. These

two mechanisms, respectively known as the opportunity cost and rapacity channels, are

intuitive and have been extensively tested in the empirical literature (e.g Dube and Vargas,

2013; McGuirk and Burke, 2020). Our spatial framework clarifies that the former pertains

to outward violence, projecting from the source, and the latter relates to inward violence,

affecting destination. A new effect, captured by the
∑

k ξ
− γ
1−γ

kn

(
ψk
wFk

) γ
1−γ

term, emerges as

a result of competition on the appropriation market among groups from different regions

k fighting for income in n. A rise in wF
k in any region k leads to an increase in violence

from i to n through decreased competition on the battlefield (because lkn decreases) and

therefore a higher incentives for i to send fighters in n. We refer to the denominator

term in equation (8) as the Multilateral Resistance of Violence, MRV, in parallel to the

terminology used in trade to account for economic competition in a given destination

market (Anderson and van Wincoop, 2003, were the first to use this expression). As

for gravity in goods regressions, omitting multilateral resistance term (which accounts for

spatial interdependence) is a source of misspecification in conflict regressions. This issue

is discussed in more detail in the next section.

2.3 General equilibrium

In equilibrium, free occupational choice between farming and fighting leads to equalization

of (fully secured) incomes, and thus wages in i :

siw
P
i = siw

F
i = siwi . (10)

Gross income can therefore we rewritten as

Yi = w
P
i Li + w

F
i li = wi L̄i , (11)

with the last equality ensured by the labor market clearing condition under which fighters

and farmers add up to total workforce L̄i :

L̄i = Li + li . (12)

11
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Two parallel market clearing conditions must also hold in equilibrium. The first one is that

the sum of demands for the good produced in i has to add up to the trade revenues of i .

This is equation (3), which—combined with equations (2), (4), (10), and (11)—can be

rewritten as

wiLi =

N∑
n=1

τ
−(σ−1)
in

(
Ai
wi

)σ−1
∑N

k=1 τ
−(σ−1)
kn

(
Ak
wk

)σ−1 snwnL̄n. (13)

The second market clearing condition is that the bilateral flows of revenues obtained from

appropriation sum to total revenues of violence landing in i . Combining (8), (10), and (11),

and inserting the result into (9), we obtain:

wi li =

N∑
n=1

wi lin =

N∑
n=1

ξ
− γ
1−γ

in

(
ψi
wi

) γ
1−γ

∑N
k=1 ξ

− γ
1−γ

kn

(
ψk
wk

) γ
1−γ
(1− sn)wnL̄n. (14)

The general equilibrium is characterized by the system of 3×N equations (12)–(13)–(14)

and 3× N unknowns {Li , li , wi}, for i = 1, . . . , N.

Existence and uniqueness: We can characterize the general equilibrium more compactly

using a fixed-point “master equation” system with the wage vector as the sole endogenous

variable. To achieve this, we combine the fighting and trade revenue equations by summing

equations (13) and (14), yielding

wi L̄i =

N∑
n=1

βin(w)wnL̄n, (15)

where βin(.) are non-linear functions of the wage vector w:

βin(w) ≡ (1− sn)×
w
− γ
1−γ

i ( ψi
ξin
)

γ
1−γ∑N

k=1(
ψk
ξknwk
)

γ
1−γ
+ sn ×

w 1−σi

(
Ai
τin

)σ−1
∑N

k=1

(
Ak
τknwk

)σ−1 . (16)

To prove existence and uniqueness of a general equilibrium in the wage vector, we rely

on resolution techniques from spatial economics. Specifically, in Appendix 10, we use the

isomorphism between the trade and fighting revenue equations in order to apply Mas-Colell

et al. (1995) and Alvarez and Lucas (2007). We conclude that a general equilibrium exists

and is unique in this baseline version of the model.

Monadic violence: Equation (8) describes the bilateral flow of violence, i.e., the equi-

librium number of fighters from i allocated to appropriate income in n (lin), adjusted

12
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for their fighting capacity (ψi). In many research designs, the only outcome observ-

able to the researcher is the total (monadic) violence exerted in region n, violencen =∑N
i=1 violencein. Our bilateral framework can also be useful to guide the analysis of vi-

olence determinants in those cases when the origin is not observable. To see this, note

that with free mobility of individuals between farming and fighting, equation (8) can be

combined with equations (10) and (11) and rewritten as:

violencein = ωin×
(
ψi
wi

)
×(1−sn)wnL̄n, with ωin ≡

ξ
− γ
1−γ

in

(
ψi
wi

) γ
1−γ

∑N
k=1 ξ

− γ
1−γ

kn

(
ψk
wk

) γ
1−γ
, (17)

which, once summed over origins and logged, gives

log (violencen) = log(1− sn) + log L̄n + logwn + log

(∑
i

ωin
ψi
wi

)
. (18)

The first three terms in equation (18) are intuitive: violence falls with the capacity of

local authorities to secure income (sn), and rises with the local aggregate income (log

of wnL̄n), which attracts groups to fight over its non-secured part (the rapacity effect).

Consequently, logged per capita income logwn naturally enters the equation with a unitary

coefficient. The last term of equation (18) represents a “Supply Potential of Violence”

(SPV), equal to the weighted average of the fighting potentials of all origins i (including

n itself) attempting to appropriate income in n (the spatial weights ωin are defined in

equation 17). Income per capita wi enters SPV negatively, as it represents the opportunity

cost of being a fighter versus being a farmer in the origin regions. Intuitively, the proximity

of poor regions with strong fighting capacity (high ψi/wi), indicated by a low ξin in ωin,

contributes to raising violence in n.14

Equation (18) suggests that empirical work intending to estimate the impact of local

income, wn, on violence occurring in n should incorporate the SPV term (or at least proxy

for it). The first reason is that the SPV includes the local opportunity cost of becoming

a fighter in region n. Secondly, the SPV term captures (within our model) all spatial

interactions that might act as confounders when trying to tease out the impact of local

income on local violence. In our empirical analysis (Section 3), gravity estimates reveal

that physical distance is an important component of the frictions to bilateral violence.

14 When violence is fully local, the rapacity and opportunity cost effects exactly compensate each other and
income has no effect on violence. Algebraically, this limit case corresponds to ξnn > 0 and ξin =∞, ∀i ̸= n.
There, the spatial weights load entirely on the local component ωnn = 1 (zero when i ̸= n) and equation (18)
becomes log (violencen) = log(1 − sn) + log L̄n + logψn. More generally, when non-local frictions are
significantly larger than local ones (ξin ≫ ξnn), the rapacity and local opportunity cost effects tend to offset
each other. As a consequence, the impact of local income per capita, wn, on violence is lowered. Those
countervailing forces are determined by the general equilibrium of the model, which speaks to the ambiguity
highlighted by the quote of footnote 3.
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Therefore, a simple geographic proxy for the SPV to include into a monadic regression of

violence could be

ŜPVn ≡ log

(
N∑
i=1

distα̂in∑N
k=1 dist

α̂
kn

w−1i

)
,

where α̂ < 0 is the estimated impact of distance on bilateral violence, which we find to be

close to −2.5 in Table 2.

3 Empirical Gravity of Violence

3.1 Data sources and construction

Our data construction procedure is made of six steps, which are outlined in Table 1. Each

of these steps is briefly presented below (steps 1-4) and in the next section (steps 5-6),

with Online Appendix Section OA1 providing all the details on the data and procedure.

Conflict data: We use the Armed Conflict Location and Event Dataset (ACLED) which

covers conflict events in all African countries from 1997 to June 2023.15 This dataset is

extensively used in academic work (see footnote 1). We innovate by constructing bilateral

flows of violence with well-defined origins and destinations. Essentially, we use the coordi-

nates of the violent events to determine the destinations, while the identities of the actors

who perpetrate this violence, combined with external information sources, help identify the

origins. ACLED reports information about the date, GPS location, type of violence, fatali-

ties, and actors involved in each violent event. It is compiled from various primary sources,

including press accounts from regional and local news, humanitarian agencies, and research

publications. Following standard practices, our quantitative analysis uses the number of

events as the metric of violence, rather than fatalities, which are known to be imprecisely

recorded at a disaggregated level.16 Nevertheless, for completeness, we also present some

aggregate statistics on fatalities in this section. ACLED captures a broad spectrum of

violence, ranging from anti-government protests to high-intensity battles or civilian attacks

by paramilitary groups. The type of violent events and actors thus vary significantly within

the dataset. In consequence, beyond cleaning and preparing data for our spatial analysis

(steps 1-3), our work also consists of isolating the type of violence that specifically relates

to the spatial projection of armed groups (steps 4-6).

15The dataset “Compatibility ” has been downloaded from https://acleddata.com/ on June 28, 2023
(2pm).
16The ACLED Codebook (2023, p.37) accordingly advises that information on fatalities should be considered
with caution.
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Table 1 – Data-processing stepsSteps # Events # Actors # Fatalities
0-Raw dataset 325541 14137 882975
1- Geographic filter 237489 11138 556016
2- Events filter 234943 11013 555959
3- Information filter 232878 5486 553745
4- Actors selection 87578 1492 379314
5- Murdock filter on actors 80619 220 362672
6- Murdock filter on events 78335 220 353289
Note: Step 0–Raw dataset: reshaped from raw data such that the
unit of observation is an event×actor(group). Step 1–Geographic
filter: only consider events with the highest level of precision and
exclude events outside continental Africa. Step 2–Events filter: ex-
clude events considered as peaceful or with unidentified nature. Step
3–Information filter: exclude actors with no external information
(e.g., no information on the nature of the actors). Step 4–Actor
selection: keep actors identified as “Rebel groups” and “Political mili-
tias”. Step 5- Murdock filter on actors: 220 actors that we assign
to 87 Murdock ethnic groups. Step 6-Murdock filter on events:
exclude events that do not intersect with the Murdock map (Sinaï
region, lakes...).

The raw data (step 0) feature 325541 distinct violent events involving a large and hetero-

geneous set of 14137 distinct actors.17 ACLED considers three levels of precision for the

spatial location of events. We keep only those with the highest level of precision, i.e., town

level, which amount to roughly three-quarters of the total. We also exclude events that

are not located in continental Africa. After applying these two geographic filters (step 1),

we end-up with 237489 events covering 11138 actors.

ACLED reports information on the nature of violence attached to each event.18 However,

a small fraction of events are in fact categorized as non-violent or non-identified (respec-

tively “Agreement” and “Others” in the ACLED nomenclature). The events filter (step

2) excludes those events. After this cut, the sample comprises 234943 events involving

11013 actors. In step 3, we remove violent actors that are not assigned by ACLED to

a precise politico-military category (see footnote 17). This information filter takes out

many actors but relatively few events because, in a typical ACLED event, at least one

actor belongs to a well-identified category. We retain 232878 distinct events covering

5486 actors.

In line with our theoretical model of spatial raiding, we focus our analysis on violence

perpetrated by actors classified as “Rebel groups” and “Political militias”. These groups

17 On average, each event involves 2.3 actors; but this number can rise substantially for some major battles.
ACLED reports information on 8 categories of actors: State Forces, Rebel groups, Political Militias, Identity
Militias, Rioters, Protesters, Civilians, External/Other Forces. See Table OA1.2 and footnote 2 in the Online
Appendix for more details.
18ACLED records six types of violent events (and 25 sub-event types): Battles, explosions/remote violence,
protests, riots, strategic developments and violence against civilians. See footnote 3 in online appendix for
more details.
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are indeed the most likely to project violence outside their rear base and to perpetrate

violence-for-appropriation. In the data, they exert the most lethal forms of violence, namely

battles and violence against civilians (see Table OA1.3), participating in 38% of events but

responsible for 68% of the total fatalities recorded in the step 3 sample.19 The actors

selection filter (step 4) restricts the analysis to these two categories. The resulting sample

is made of 1492 actors participating in 87578 events.

Other datasets: Information on nighttime light data is obtained from the harmonized

global nighttime light dataset (Li and Zhou, 2017). Population data is obtained from

WorldPop using the top-down unconstrained estimation modeling approach for 2000 (Lloyd

et al., 2019). We identify the main crop(s) produced by each cell using data from the

FAO’s Global Agro-Ecological Zones (Fischer et al., 2008). This dataset is constructed

from models that use location, climate information, and soil characteristics to generate a

global GIS raster of cell-level suitability for 17 crops for which we have worldwide prices.

Crop prices (base 100 in 2000) are obtained from the World Bank Commodity Dataset

(World Bank Group, 2020).20

3.2 Vectorization of georeferenced conflict events

Here we describe our procedure of “vectorization” that processes ACLED violent events

into bilateral flows of violence (denoted violencein) with a magnitude and a direction

(from i to n). In the model, each fighting group g is associated with a rear base rb(g) ∈ i ,
where recruitment takes place and fighters are paid the prevailing competitive wage of the

local labor market in the region of origin i . The bilateral flow of violence between i and n

is defined as

violencein =
∑
g

Irb(g)∈i ×
2023∑
t=1997

#eventsgnt , (19)

where #eventsgnt is the number of events attributed to group g, perpetrated in n over

time period t, and Irb(g)∈i is an indicator which takes a value of 1 if the rear base of the

group g is located within region i . This defines a cross-section of flows of violence between

geographical units i and n as our dependent variable.

The theory suggests that rb(g) should be the location of the labor pool that g uses to

19At step 3, ACLED records a total of 553745 fatalities associated with 232878 events. Among those, rebel
groups and political militias are responsible for 379314 fatalities in 87578 distinct events. Hence, the average
number of fatalities per event for rebel groups and militias is 4.3. In contrast, for the rest of the sample, it
is 1.2

(
= 553745−379314
232878−87578

)
. This indicates that events involving rebel groups and political militias tend to be

more deadly.
20Night time light data: https://www.mdpi.com/2072-4292/9/6/637; World Pop: https://hub.
worldpop.org/geodata/listing?id=64; FAO’s Global Agro-Ecological Zones: https://gaez.fao.org/
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hire fighters. In the absence of information on the market for fighters at the scale of the

African continent, we assume that an armed group’s primary basin of recruitment stems

from its ties to ethnic groups. This view is widely held in the literature and supported by

extensive empirical evidence.21 There are several reasons explaining why the recruitment

of armed groups follows ethnic lines. Like any labor relationship, leaders typically recruit

from their existing networks, often grounded in ethnicity in Africa. This enhances the

enforceability of contracts (Caselli and Coleman, 2013) and leads to more committed

rebels (Weinstein, 2005, 2007). Moreover, social incentives and ethnographic structure

within ethnic communities contribute to intrinsically motivate individuals to participate in

conflicts (Sambanis, 2001; Moscona et al., 2020).

In practical terms, we first map armed groups g to ethnic groups with the help of external

informational sources (see online appendix OA3).22 Then, we assign rear bases rb(g)

to historical ethnic homelands as observed on Murdock’s map (Murdock, 1959). It is

important to note that our approach does not presuppose that violence necessarily arises

from ethnic cleavages. It rather assumes that the spatial scope of fighters’ recruitment

is constrained by the borders separating ethnic groups. We have undertaken substantial

data work to identify the ethnic affiliation of armed groups—one empirical contribution

of this paper being to make this mapping available to the research community. Our work

was greatly facilitated by the granularity of the violence data, a feature not previously

documented in the literature. This point is illustrated in Figure 1: Panel (a) reports the log

rank-log size relationship in the sample of violent actors at step 4 of our data construction

procedure, highlighting the ten major actors, while Panel (b) displays a Lorenz curve for the

same data, plotting cumulative counts of actors (ranked by size) against their cumulative

share of events. The distribution is highly skewed, as the 220 most violent actors exert

over 90% of total violence.23 Limiting the collection of ethnic ties to this set of major

21A substantial body of literature underscores the importance of mobilizing fighters among co-ethnics (Caselli
and Coleman, 2013; Michalopoulos and Papaioannou, 2016; Mueller et al., 2022; Guarnieri and Tur-Prats,
2023). Additionally, several empirical studies document how ethnic mobilization serves as a recruitment
method in Africa (Fearon and Laitin, 1999; Sambanis, 2001; Elbadawi and Sambanis, 2000; Gates, 2002,
2017; Cederman et al., 2010). The Online Appendix Section OA2 presents supportive anecdotal evidence.
22The conventional approach in the recent literature interested in the ethnic affiliations of violent actors
typically involves matching the violent events perpetrated by each actor with maps delineating ethnic regions
(Michalopoulos and Papaioannou, 2016; Moscona et al., 2020; Adhvaryu et al., 2021; Mueller et al., 2022;
Eberle et al., 2024; McGuirk and Nunn, 2024; Gehring and Schaudt, 2024). In contrast, our approach defines
the ethnic ties of actors through external sources that are independent of the violence observed and recorded
in ACLED. This ensures that these ethnic ties are not influenced by any contamination from the observed
violence, which is the focus of our structural model analysis. In this regard, we follow the methodology of
Berman et al. (2017), who identified ties to ethnic groups for 109 violent actors active between 1997 and
2010, primarily relying on ACLED information and the ethnicity of the group’s leaders and troops. Using a
broader range of informational sources, we manage to cover 90% of the violence in Africa perpetrated by
rebel groups and political militias. Similarly, Sestito (2024) also relies on external sources to recover the
ethnic ties of non-state armed groups active in a subsample of 18 African countries between 2005 and 2015.
23The step 4 sample comprises 1492 violent actors who are involved in 87578 events resulting in 379314 fa-
talities. Among them, the 220 most violent actors participate in 80619 events leading to 362672 fatalities
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actors is therefore not very costly in terms of the coverage of actual violent events.

The restriction of the construction of rear bases (and therefore origins of violence) to this

set of 220 actors leads to a new sample cut, referred to as the Murdock filter on actors

(step 5) in Table 1. We find that these 220 perpetrators of violence are associated to

87 different origins (Murdock ethnic regions). In order to identify destinations of violence,

we must project violent events onto ethnic homelands. Consequently, we remove from

the sample all events that do not intersect with the Murdock map (e.g., Sinai region,

violence occurring in lacustral areas). After this Murdock filter on events (step 6), we end

up with 78335 distinct events. Note that almost 80% of this violence is directly exerted

against civilians or takes the form of military battles (Table OA1.3). Based on this sample,

the final step of the vectorization procedure involves applying equation (19) to construct

bilateral flows violencein. This variable represents the total number of violent events

recorded between 1997 and June 2023 for each origin-destination pair in the set of 824

ethnic regions covered by the Murdock’s map. Out of this universe of flows, 97.46% are

zero-violence flows, which is not surprising given that many pairs are separated by very

large distances (the straight-line distance between Cairo, Egypt, and Cape Town, South

Africa, is about 7800 kilometers). Restricting to the subsample of non-zero flows leaves

us with 87 origins of violence and 623 destinations of violence (mapped in Figure 2).

Figure 1 – The distribution of violent events

(a) Log rank-log size (b) Lorenz curve
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Note: Both panels are based on the sample of step 4 in Table 1. It includes 1492 actors participating in
87578 violent events. Panel (a) reports the log rank-log size relationship, with the ten major actors being
highlighted. The size of the circle represents the number of actors at a given rank. There are 418 actors with
only 1 violent event (rank 1075). The actor Al-Shabaab is the most active with 16609 events. Panel (b) reports
a Lorenz curve plotting cumulative counts of actors (ranked by size) against cumulative share of events.

(92% of the events, 96% of the reported fatalities).
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Figure 2 – Origins and destinations of violent events

(a) 87 Origins of violence (b) 623 Destinations of violence

Note: These maps are based on the sample of step 6 in Table 1. It comprises a total of 78335 violent
events originating from 87 regions and targeting 623 destinations.

3.3 Econometric equation

As a first motivation for our specification of frictions, Figure 3 presents evidence of uncon-

ditional correlation between log distancein and the bilateral share of events at destination
violencein
violencen

(our dependent variable in the regressions). In the overall sample, the binscatter in

panel (a) shows a strong negative correlation (explaining 80% of the variance of the share

of events), which is maintained in panel (b) when we restrict the sample to strictly positive

flows. Our econometric specification will allow for this friction and add the possibility for

ethnic and national borders to also affect bilateral violence. We now turn to describing our

estimating equation.

Based on our theoretical prediction, we estimate a gravity equation to reveal the empirical

determinants of bilateral violence. Building on equation (8), we obtain:

violencein

violencen
=

ψi lin∑N
k=1ψk lkn

= ξ
− γ
1−γ

in ×
(
ψi
wi

) 1
1−γ

×

[
N∑
k=1

ξ
− γ
1−γ

kn

(
ψk
wk

) 1
1−γ
]−1

. (20)

We follow the now standard practice in the gravity literature to estimate this equation

using Poisson pseudo-maximum likelihood (PPML) with high-dimensional fixed effects,24

24Santos Silva and Tenreyro (2006) first recommended that estimator for gravity equations based on its
robustness to non-homoskedastic error terms. Fally (2015) later showed PPML to be a natural estimator
for micro-founded structural models of gravity, allowing for a structural interpretation of the fixed effects as
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Figure 3 – Bilateral distance and share of events at destination

(a) Full sample (b) Sample with shares > 0
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Note: These figures are based on the sample of step 6 in Table 1. It comprises a total of 78335 violent events
originating from 87 regions and targeting 623 destinations. Both panels display binscatter with 50 bins.

translating our estimating equation into:

E
(
violencein

violencen

)
= exp

[
−

γ

1− γ log ξin + FE
o
i + FE

d
n

]
, (21)

where the dependent variable is the share of violence in n which comes from i . The

regression provides estimates of spatial frictions ξin together with origin and destination

fixed effects (FEoi and FEdn), which are crucial objects for the next step when we turn to the

task of recovering the structural parameters of the model.25 We consider a specification

where ξin includes three observable frictions: bilateral distance, ethnic homeland border-

crossing, and country border-crossing.26 This leads to our empirical gravity equation of

violence:

E
(
violencein

violencen

)
= exp

[
−

α1γ

1− γ log distancein −
α2γ

1− γEthnic borderin −
α3γ

1− γPolitical borderin

+ FEoi + FE
d
n

]
, (22)

well as large shares of zeroes.
25The structural interpretation of those fixed effects is FEoi = 1

1−γ log
(
ψi
wi

)
, and FEdn =

− log
[∑N

k=1 ξ
− γ
1−γ

kn

(
ψk
wk

) 1
1−γ
]
.

26In Murdock’s map, many ethnic groups are split across different countries (Michalopoulos and Papaioannou,
2016). To build the variable of border-crossing transparently, we opt for a simple coding rule: we assign each
ethnic group to the country where it predominantly belongs in terms of area. We leave for future analysis the
estimation of the heterogeneous impact of border-crossing when ethnic groups are more or less split across
countries.
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where the independent variables are the log of the bilateral distance between i and n, a

binary variable that equals one if i and n are different ethnic groups, and another binary

variable that equals one if i and n are in different countries.

3.4 Results

Table 2 – Estimates of the frictions to violence

Model (1) (2) (3) (4)

log distance -2.65∗∗∗ -2.90∗∗∗ -2.42∗∗∗ -2.49∗∗∗

(0.046) (0.052) (0.059) (0.080)
Ethnic border 2.46∗∗∗ 2.52∗∗∗

(0.181) (0.176)
Pol. border -1.69∗∗∗

(0.109)
Ethnic border: contiguity 2.06∗∗∗

(0.185)
Ethnic border: no contiguity 2.81∗∗∗

(0.207)
Political border: contiguity -1.25∗∗∗

(0.096)
Political border: no contiguity -3.08∗∗∗

(0.194)

Observations 54,201 54,201 54,201 54,201
Pseudo R2 0.517 0.526 0.546 0.555
Note: Dependent variable is the share of events in n originating from i . Cross-
section over 1997-2023. Estimated with PPML with i and n fixed effects.
Columns (1)-(4) are estimated on the sample of 87 origins attacking a total
of 623 destinations. Significant at 10%, ∗∗ significant at 5%, ∗∗∗ significant at
1%. Standard errors clustered at the country pair level.

Table 2 displays the estimation results of equation (22). The sample consists of the cross-

section of 87 origins and 623 destinations, for a total of 54201 dyads.27 Estimation is

carried out using the HDFE PPML estimator. Standard errors are clustered by dyad. The

elasticity of violence with respect to distance is estimated to be -2.65 (column 1). This

implies that doubling the distance between two ethnic groups is associated with a 84%

drop in the bilateral flow of violence (exp(−2.65 × log 2) = 0.16).28 To put this elasticity

in context, it is useful to compare it to the estimated impact of distance on trade flows.

27The inclusion of fixed effects leads to dropping from the sample all regions that exert and experience no
violence.
28This result aligns with Mueller et al. (2022)’s findings regarding the importance of distance in the geography
of violence. However, their approach differs significantly: they estimate the spatial decay of violence as
a function of distance to ethnic borders using a monadic regression of violence. These methodological
differences limit the possibility of a quantitative comparison between their results and our gravity coefficient
of distance.
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Head and Mayer (2014) report that the elasticity of trade to distance (not distinguishing by

transport mode) is −1.1 on average in a meta-analysis of 328 estimates. The elasticity of

trade using land transport (mostly trucks in advanced economies) is estimated to be around

−2 by Combes et al. (2005). This comparison suggests that the logistics of violence in

Africa, which heavily relies on road transportation, may be a significant factor driving the

observed spatial patterns of violence.

From columns (2) to (4), we sequentially add variables capturing the frictions associated

with crossing an ethnic or a political border. Crossing ethnic borders increases the likelihood

of violence by roughly an order of magnitude (exp(2.46) = 11.70), which suggests that

raiding other ethnic groups is a key driver of violence. On the other hand, crossing political

borders leads on average to a five-fold drop in violence (exp(−1.69) = 0.18), indicating

that national border security measures can be effective in reducing violence. In column

4, we breakdown these two border-crossing frictions by distinguishing between contiguous

and non-contiguous ethnic groups and countries. Moving across ethnic borders towards a

non-contiguous ethnic group significantly increases the flow of violence more than moving

towards a contiguous ethnic group (exp(2.81) = 16.61 vs exp(2.06) = 7.85). One plausi-

ble interpretation for this difference is that contiguous ethnic groups often share common

history, culture, or economic interests (e.g. trade), which reduces the incentive to ex-

port violence. In contrast, non-contiguous ethnic groups are less interconnected culturally

and economically, potentially heightening tensions. Crossing political borders towards a

non-contiguous country reduces the flow of violence much more than moving towards a

contiguous country (exp(−3.08) = 0.05 vs exp(−1.25) = 0.29). Here, a natural expla-

nation for this pattern in the data is that the number of borders to be crossed through

land transportation is mechanically larger when countries are non-contiguous. Overall,

these findings underscore the importance of considering both ethnic and political factors

in understanding violence. They also suggest that policies aimed at securing borders and

transport infrastructure could effectively disrupt raiding logistics and reduce violence in

conflict-affected regions.

4 Model Inversion

This section presents the procedure for recovering all the structural parameters of the

model needed for the counterfactual analysis in the next section. The sample comprises

824 regions, of which 623 experience violence originating from 87 of them. The procedure

involves six steps that we detail below. Additional material is relegated to Appendix 11,

with Table 113 summarizing the results.
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Step 1: We estimate the gravity equation of violence (22) to obtain the elasticity of

each spatial friction and the set of origin fixed effects F̂E
o

i (column 3 of Table 2). For

the fixed effects to be comparable, origins of violence in the gravity sample must belong

to the “largest connected set”, which is constructed using connections formed by multiple

origins attacking a given destination (the equivalent of mobility of workers between firms

in the labor literature started with Abowd et al., 1999). We have verified that this is the

case for all the 87 origins of violence. By construction, one origin of violence, hereafter

indexed by i = 1, must be taken as a reference with its fixed effect set to zero in the gravity

estimation: F̂E
o

1 = 0. It is important to select an ethnic group for which we can retrieve

reliable external information regarding the total number of fighters associated with it (see

step 2). Therefore, we choose as reference the Zaghawa ethnic group, which is located

in both Sudan and Chad. In Figure 111, we plot the estimated F̂E
o

i against the observed

(logged) number of violent events originating from i . As expected, their correlation is

high and positive, confirming that F̂E
o

i captures the average propensity of each origin to

perpetrate violence.

Step 2: We then recover the parameters γ and ψi by using the theoretical correspondence

of F̂E
o

i obtained from equations (20) and (21):

F̂E
o

i − F̂E
o

1 = −
1

1− γ log
(
wi
w1

)
+

1

1− γ log
(
ψi
ψ1

)
, (23)

where F̂E
o

1 is reported for completeness but is in practice taken as the reference. This

theoretical relation suggests regressing the FEs on local wages to obtain the parameters of

interest. However, wages are not observable at the fine geographical scale of our analysis

for the whole African continent. Instead, we use nighttime lights per capita as a proxy,

assuming wi
w1
=
(
lighti
light1

)λ
. Plugged into (23), this leads to the following empirical equation:

F̂E
o

i = −
λ

1− γ log
(
lighti
light1

)
+ residuali . (24)

We estimate this equation via two-stage least squares (2SLS) to mitigate any reverse

causation effects from violence (FE) to development (light). The instrumental variable for

lighti is the (log of) average world price of the most suitable crops:

log
(
Pricei

)
= log

(
2023∑
t=1997

5∑
c=1

αci × P ct

)
,

where crop c is one of the five most suitable crops produced in ethnic homeland i , αci is

its relative suitability (as measured by FAO data) and P ct is its worldwide real price, base

100 in 2000.
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Table 111 in Appendix 11 reports the estimation results of equation (24) for OLS in

column (1), first stage in column (2), reduced form version of the regression in column

(3), and 2SLS in column (4). The 2SLS coefficient is equal to −0.493, which corresponds

to − λ
1−γ in the theory. The parameter λ is calibrated based on Bruederle and Hodler

(2018) who estimate the correlation between wages and nighttime light to be 0.27. Our

estimate of γ is therefore γ̂ = 0.453, which is consistent with negative effects of violence

frictions on violence flows (a minimal result for the model not to be rejected by the data,

considering the exponent on ξin in equation 20). Finally, we use the residuals of the 2SLS

regression to recover the values of ψ̂i . Comparing equations (23) and (24) shows that

residuali = 1
1−γ log

(
ψi
ψ1

)
. Note that, to allow for this structural interpretation of the

residual, the constant term is not included in the specifications reported in Table 111. The

fighting capacity of the reference group, ψ1, is obtained from external sources.29 This

number, together with the residual and γ̂, are plugged into the previous formula to get ψ̂i
for each of the 87 origins of violence. For the other regions, we set ψ̂i = 0 as they produce

no violence. The sample mean of ψ̂i for violent regions is equal to 0.014; according to

equation (5), our model interprets the inverse of this value, which is approximately equal

to 71, as the average number of fighters required to produce one ACLED event.

Step 3: We compute the unsecured share of income based on the fact that the total

fighting revenues across all the fighters active in n sum up to the lost income of n:

N∑
i=1

wi lin = (1− sn)wnL̄n. (25)

We isolate sn in equation (25), and use the relationship between wages and nightlights

and the theoretical definition of violence (equation 5) to recover an estimate of the state

capacity as:

ŝn = 1−

∑N
i=1 (lighti)

λ violencein
ψ̂i

(lightn)
λ
popn

, (26)

29ACLED gives a total of 944 violent events originating from the Zaghawa (our reference group). Our
procedure assigns the following violent actors to the Zaghawa: (i) Justice and Equality Movement (35000
fighters); (ii) SLM/A: Sudan Liberation Movement/Army and the two factions that resulted from its split in
the early 2010s, the Abdul Wahid al-Nur Faction and the Minnawi Faction (5000 fighters all together); (iii)
SRF: Sudan Revolutionary Front (60000 fighters); (iv) the political coalition Forces for Freedom and Change
(FFC). From our sources, the FFC, established in 2019 to coordinate calls for the removal of President Omar
al-Bashir from power and to negotiate a power-sharing plan, does not have its own military force. In line with
the theoretical definition (5), the parameter ψ̂1 is computed as the violence-to-soldiers ratio of the Zaghawa
group: ψ̂1 = 944/100000= 0.00944. We use the following sources for collecting information on the number
of fighters: https://www.aljazeera.com/news/2010/5/15/who-are-sudans-jem-rebels
https://ucdp.uu.se/additionalinfo/469/0
https://en.wikipedia.org/wiki/Sudan_Revolutionary_Front
https://en.wikipedia.org/wiki/Forces_of_Freedom_and_Change
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where L̄n is approximated by total population popn from the World Pop dataset (Lloyd et al.,

2019), ensuring that all elements of the right-hand-side of the equation are estimated,

calibrated or observed. Note that the previous relation implies ŝn = 1 for regions which

experienced no violence. For the others, Table 113 shows that their ŝn falls within the

(0,1) range, which is reassuring for the overall consistency of the procedure. The minimal

state capacity is associated with the Bira ethnic group, only able to secure 62.8% of their

total income.

Step 4: Equations (5) and (12) allow to compute the number of fighters and farmers in

each region:

l̂i =

∑N
i=1 violencein

ψ̂i
and L̂i = popi − l̂i , (27)

where we set l̂i = 0 for regions that exert no violence. To gain insights, we report in Table

113 some statistics related to the share of fighters in the population, computed as l̂i/popi ,

for the 87 origins of violence. With a mean and standard deviation equal to 0.078 and

0.159, these estimates appear to be quantitatively realistic (an average share of fighters

of 8% conditional on exerting violence). Importantly, they all fall within the (0,1) range,

providing a reassuring sanity check.

Step 5: This step focuses on calibrating the trade module of the model. Inspection of

the theoretical equations outlined in Section 2.3 reveals that the GE characterization relies

on trade frictions (the τs). In line with common practice in the gravity literature (see Head

and Mayer, 2014, for a review of estimates of those frictions), we specify the log of these

frictions as the sum of three standard trade impediments:

(1− σ) log τ̂in = µ1 × log distancein + µ2 × Political Borderin + µ3 × RTAin, (28)

where the first two variables on the right-hand side are defined in equation (22); they act

as impediments to trade. The third variable, a trade facilitator, is a binary variable that

equals one if regions i and n are located in different countries that are members of the

same regional trade agreement; note that this RTA effect will be the one we shock later

in one of our counterfactual simulations.

Since we do not observe bilateral trade flows at the ethnic region level, we have to rely on

national flows to calibrate the parameters (µs) in (28). Table 112 in Appendix B reports

gravity estimates for trade flows relevant to our sample, made of 39 African countries

observed over the period 1970-2018. We interact each of the trade impediments (distance,

political border and RTA) with a dummy coding for intra-African trade. We obtain µ1 =

−0.85, µ2 = −5.34 and µ3 = 1.71. Finally, the trade elasticity is calibrated based on the
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meta-analysis in Head and Mayer (2014) and set to 1−σ = −5.03. The overall calibration

of τin is achieved by incorporating all these elements into equation (28).

Step 6: The final step is to recover farming productivity Âi for all regions. This is accom-

plished using equation (13), where unobservables are replaced with parameters retrieved

from the first five steps, allowing us to manipulate and express it as:

A1−σi =

N∑
n=1

τ̂
−(σ−1)
in (lighti)

λ×(1−σ)∑N
k=1 τ̂

−(σ−1)
kn Aσ−1k (lightk)

λ×(1−σ) ŝn

(
lightn
lighti

)λ
popn

L̂i
. (29)

To obtain Âi , we use an iterative fixed-point procedure: starting with an initial vector of

Ai , which we set as the vector of nighttime lights, one can compute the right-hand side

of equation (29), which gives a new value for the each of i ’s productivity, A′i . We use a

dampening factor δ to update the new vector of productivity as δ×Ai+(1−δ)×A′i . Iterating

those steps until the vector converges provides a fixed-point vector Âi . To cross-validate

the method, we plot Âi against observed nighttime light (Figure 112). As expected, higher

levels of nighttime light—a proxy for wages in our procedure—are associated with larger

estimates of the farming productivity.

5 Counterfactual Simulation

5.1 Methodology

Our approach to counterfactual analysis involves changing several exogenous variables,

particularly bilateral trade barriers and/or productivity across ethnic regions in Africa, and

then computing the new equilibrium to compare with the initial one. This approach has

been labeled the Difference in Expected Values (DEV) approach to counterfactual analysis

by Head and Mayer (2019), since it relies on what should be the equilibrium in expectation

according to the model evaluated at observed values of covariates and estimated parame-

ters.30 We therefore have to first compute the expected factual equilibrium, which differs

from the one actually observed in the data, and compare it to the expected counterfactual

equilibrium after the policy shock.
30This approach is appropriately called the “covariates-based” approach by Dingel and Tintelnot (2020). An
alternative is to leverage the multiplicative nature of the model to predict changes in the main outcomes
when a policy change is imposed on the observed values of those outcomes. This is called the Exact Hat
Algebra approach in the literature since Dekle et al. (2007)—the “calibrated-shares procedure” for Dingel and
Tintelnot (2020). While the debate regarding the respective merits of the two approaches is still ongoing, we
do not have the luxury of a choice in our case. The Exact Hat Algebra approach relies on observing market
shares, which we cannot implement in our context as we do not observe shares of trade flows (πin) between
the regions of interest in Africa.
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Section 4 provides the steps to estimate and “invert” the model, such that we recover all

parameters governing the factual equilibrium. This set of structural parameters (omitting

hat notation to avoid cluttering notation) is given by:

Θ = {γ, σ, sn, ψi , popi , Ai , τin, ξin} .

The equilibrium vector of wages conditional on Θ is characterized by equation (15) and

obtained numerically by a fixed point iteration of the following equation which transforms

an initial vector of wages w into a final vector w̃:

w̃i =

N∑
n=1

βin(w)wn
popn
popi

, (30)

where βin(.) is a non-linear function of the wage vector w given by equation (16). The

algorithm used to find a numerical solution is as follows:

Wage (inner) loop steps:

Step 0: Use wi =
Ai
A1

as values for initializing the procedure.

Step 1: With the vector of wi (normalized such that w1 = 1) obtained from the previous it-

eration, compute the RHS of equation (30). The LHS of equation (30) yields a new

vector w̃i (also to be normalized by w̃1).

Step 2: Use a dampening factor δ to compute the new vector of wages as δwi + (1− δ)w̃i .

Steps 1 and 2 are repeated until the vector of wages converges within a specified tol-

erance level. The fixed-point iteration on equation (30) is sufficient for computing the

factual equilibrium, i.e. the equilibrium values of endogenous variables at baseline values

of Θ. Once equipped with the equilibrium wage vector w, we compute the regional income

Yn = wnpopn; then, equation (8) gives the optimal number of fighters allocated to each

battlefield, lin. The remaining endogenous variables can be derived immediately from the

equations in Section 2.3. The approach for the counterfactual equilibrium is similar. After

modifying one or several structural parameters in Θ, we perform the algorithm again on

equation (30) to generate new counterfactual outcomes which we then compare to the

factual ones.

5.2 Destruction and security spillovers

Given the substantial evidence regarding the large impact of conflict on output and income,

it seems unrealistic to hold the vectors A and s constant in our simulations. Violence ex-
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perienced in a region is highly likely to adversely affect workers’ productivity. Furthermore,

the share of income secured from looting is influenced, at least partially, by the efficiency

of local police and army forces, as well as broader property rights enforcement mecha-

nisms, which are often facilitated by local income levels. In the counterfactual simulations

presented below, the model is therefore augmented with one “destruction spillover”:

logAn = log Ān − ε1 × violencen [w(A, s)] , (31)

and one “security spillover”:

log
sn
1− sn

= log
s̄n
1− s̄n

+ ε2 × log Yn [w(A, s)] , (32)

where parameter −ε1 < 0 denotes the semi-elasticity of TFP with respect to violence, and

ε2 > 0 is the elasticity of state capacity to income (the log odds ratio form ensuring that

it stays within the 0-1 range).31

Note that, as soon as productivity depends on violence, solving for the vector of wages

remains necessary, but no longer sufficient, to compute equilibrium. This is because wages

are both affected by productivity (equation 16), and feedback through equilibrium violence

(equation 31). The same applies to state capacities (equations 16 and 32). Therefore, in

our counterfactual simulations, we employ an inner-middle-outer loop fixed-point procedure.

The inner loop characterizes the equilibrium wage vector w, given productivity A and state

capacity s vectors (as described above). The middle loop takes the resulting w vector from

the inner loop to determine the equilibrium state capacity vector s, while the outer loop

takes the equilibrium s and finds A:

State capacity (middle) loop steps:

Step 1: Use the value of wn obtained from the inner loop and insert Yn = wnpopn in the RHS of

equation (32). The LHS of equation (32) yields a new log odds ratio that enables to

recover a new vector s̃n.

Step 2: Use a dampening factor δ to compute the new vector of state capacities as δsn+(1−δ)s̃n.

Steps 1 and 2 are repeated until the state capacity vector converges within a specified

tolerance level.

31Calibration of ε1 is based on a 2SLS regression of the log of An on violencen, with violence being
instrumented by a model-driven supply shifter of violence. The calibrated semi-elasticity of TFP to violence
is found to be −ε1 = −0.00044; a straightforward quantitative interpretation is that one hundred additional
ACLED events reduce local TFP by 4.4%. Regarding the dependence of sn on income, the instrument used
to estimate the 2SLS regression based on equation (32) is a model-consistent shifter of trade revenues. We
obtain ε2 = 0.5. The baseline productivity and state capacity parameters, Ān and s̄n, are obtained by simple
manipulation, once ε1 and ε2 are calibrated. See Appendix Section 12 for more details.
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Productivity (outer) loop steps:

Step 1: Use the vector of sn (obtained from the middle loop) and wn (from the inner loop) in

equation (18) in order to compute the RHS of equation (31). The LHS of equation (31)

yields a new vector Ãn.

Step 2: Use a dampening factor δ to compute the new vector of productivities as δAn+(1−δ)Ãn.

The overall simulation procedure stops when the tolerance level for changes in the vector

of A is reached.

5.3 Welfare

The welfare impact of the counterfactual scenarios that we simulate can be related to a

sufficient statistics formula well-known in trade since the work of Arkolakis et al. (2012).

We begin by expressing the equilibrium level of welfare before the policy change, ωn, as the

secured share of income over the CES price index Pn:

ωn =
snwn
Pn

and Pn ≡

(
N∑
k=1

(τknwk/Ak)
1−σ

)1/(1−σ)
. (33)

The share of trade within region n is derived from equation (1) and equal to πnn =

(τnnwn/An)
1−σP σ−1n implying that wn

Pn
= π

1
1−σ
nn

An
τnn

. Assuming that τnn remains unaffected

by the counterfactual experiment, the change in welfare between the factual equilibrium

(no superscript) and the counterfactual equilibrium (superscript ′) equals:

ω′n
ωn
=

(
π′nn
πnn

) 1
1−σ

×
Ā′n
Ān
exp{−ε1(violence′n − violencen)} ×

s ′n
sn
. (34)

The first term represents the traditional formula of Arkolakis et al. (2012), which embeds an

indirect influence of violence on welfare through changes in trade patterns. The second and

third terms are additional direct effects factoring in the destruction and security spillovers,

respectively. They reflect equilibrium changes in violence and income, which in turn lead

to alterations in productivity and state capacity.

5.4 Factual equilibrium

Table 3 reports a number of important statistics predicted by the model in the initial

(factual) equilibrium. For each panel, the three rows report three spatial categories: i)

flows that occur within the same ethnic region; ii) within the same country (but between

different ethnic regions); and iii) across different countries. The two first columns show
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Table 3 – Factual equilibrium: some statistics

Panel (a) Total trade Total violence
Pred. Pred. Obs

same ethnic region 31.18 21.16 26.79
same country 62.28 50.11 46.37
different countries 6.54 28.72 26.84

Panel (b) πin
violencein
violencen

Pred. Pred. Obs
same ethnic region 15.10 6.53 6.52
same country 76.54 57.25 57.31
different countries 8.64 36.50 36.45
Note: All figures represent percentage points. Columns
1 and 2 report the levels of trade and violence that the
model predicts to take place in the factual equilibrium
in each of the categories. Column 3 reports observed
violence. Panel (a) reports the shares of total trade and
violence that take place within each of the three cate-
gories. Panel (b) reports the shares across destinations
n.

the model’s predictions for trade and violence, respectively, while the last column reports

the observed figures for violence. Finally, panel (a) reports the shares (in percentage) of

total trade and violence that take place within each of the three categories. Panel (b)

reports the shares of those flows across destinations.

Around 31% of trade occurs within an ethnic region (i = n) in our model, and less than 7%

occurs between regions belonging to different countries, leaving 62% of trade to take place

between different regions of a country. Similar patterns emerge for violence. First, the

majority of violence is not perpetrated locally. Internal (“self-inflicted”) violence represents

less than 22% of the total violence predicted by the model. Secondly, most of the projected

spatial violence occurs within country boundaries. Both patterns align well with the gravity

results in Section 3.4.

Note that the trade patterns are entirely driven by the structure and parameters imposed on

the model (step 5 in Section 4), since trade flows are not observed at that level of detail

(i.e. across ethnic groups). However, for bilateral violence, we can confront the levels

predicted by the model in column 2 with the observed flows in column 3. The prediction

seems to fit the data patterns reasonably well. Figure 4 pushes further the comparison

for the whole cross-section. Panel (a) reports on the x-axis bilateral flows of violence

between i and n, while the y -axis reports the observed corresponding flow (in log scales

and rounded to the nearest unit in both cases). Although deviations are larger for smaller

cells where idiosyncratic shocks to violence matter more, as expected, the model performs

well in predicting the spatial pattern of violence. Total violence perpetrated by i (panel b)

or suffered by n (panel c) is even better predicted.
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Figure 4 – Goodness of fit

1 10 100 1000 10000

1
10

10
0

10
00

10
00

0

Factual violence

O
bs

er
ve

d 
vi

ol
en

ce

1 10 100 1000 10000

1
10

10
0

10
00

10
00

0

Factual violence

O
bs

er
ve

d 
vi

ol
en

ce

1 10 100 1000 10000

1
10

10
0

10
00

10
00

0

Factual violence

O
bs

er
ve

d 
vi

ol
en

ce

(a) Bilateral (b) Outward (c) Inward
Note: The x-axis displays the predicted flows of violence (log scale). The y -axis reports the observed flows of
violence (log scale). In panel (a) the bilateral flows of violence between i and n are reported. In panel (b) the
total flow of violence perpetrated by i is reported. In panel (c) the total flow of violence suffered by n is
reported.

5.5 Counterfactual 1: A rise in the Kanuri region’s productivity

Our first counterfactual explores the consequences of a 10% increase in the baseline pro-

ductivity (Ān in equation 31) of a single region. This exercise serves two objectives: it

provides a numerical illustration of the theoretical mechanisms operating in our model and

their interactions, and it also addresses one of the most debated questions in the conflict

literature regarding how income shifters influence violence. We choose the Kanuri region

where our procedure allocates Boko Haram, a notoriously violent group active in Western

Africa (see footnote 35). Table 4 summarizes results for three sets of regions: the one

where the productivity shock is applied (“shock”); the subset of regions within a 1000km

radius (“close to shock”); and the rest of Africa (“other”).32 The columns provide six out-

comes averaged over the regions in those three sets: change in local violence, change

in state capacity, change in the number of fighters, and the changes in traditional eco-

nomic variables: TFP, income and welfare. In summary, increases in the first three indicate

negative outcomes, while increases in the last three indicate positive outcomes.

We run five types of counterfactuals, gradually incorporating the rich interactions that our

model captures between the trade/production part of the economy and the violent part of

this world:

32All counterfactuals are run for a restricted set of regions within 2000 km of the shock to ease computation
and reduce convergence time. The large spatial decay estimated for violence and trade implies that the
impact of a shock is almost completely muted at greater distances.
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Table 4 – Aggregate results across CF scenariosAvg. % Change in

Scenario Zone violencen 1− sn ln TFP (An) Income Welfare

1:Pure Trade
shock 0 0 0 10 7.99 8.14
close to shock 0 0 0 0 0.01 0.02
other 0 0 0 0 -0.00 0.00

2:Spillover-free
shock 0.64 0 -7.43 10 8.28 8.46
close to shock -2.9 0 0.8 0 -0.01 0.02
other -0.39 0 0.15 0 -0.02 0.00

3:Security-inclusive
shock -3.2 -3.81 -8.5 10 8.26 8.55
close to shock -2.89 0.01 0.72 0 -0.01 0.02
other -0.38 0.01 0.15 0 -0.02 0.00

4:Damage-inclusive
shock 0.59 0 -6.7 9.51 7.89 8.09
close to shock -2.77 0 0.74 0.06 0.04 0.09
other -0.39 0 0.22 0.01 -0.02 0.01

5:All-inclusive
shock -4.26 -5.08 -10.88 13.59 11.22 11.65
close to shock -3.84 -0.04 0.8 0.09 0.06 0.13
other -0.52 0.01 0.27 0.01 -0.02 0.02

Note: Numbers represent average percent changes. “Shock” = Kanuri Region; “close to shock” = Regions
within 1000km from Kanuri; “other” = Regions within 1000km-2000km from Kanuri. The shock is a 10%
in increase in the baseline TFP (Ān in equation 31) in the Kanuri region. violencen is the total violence
in n. 1− sn stands for the state capacity in n. ln the number of fighters in n. TFP (An)is the productivity
in n. Total “Income” of a region is defined in equation (11). “Welfare” refers to the secured per-capita real
wage as defined in equation (33).
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1: Pure-trade In this simple scenario, the allocation of labor between production and

fighting is held constant.33 Violence is therefore unaffected by the shock, and only trade

patterns exhibit reactions. Because of the endogenous redirection of trade flows, an ex-

ogenous 10% increase in TFP translates into a less than proportional increase in income

and welfare.34

2: Spillover-free. This scenario allows the endogenous reallocation of the labor force

between farmers and fighters, which renders violence endogenous in the first column, while

keeping the two spillover channels (on An and sn) muted. The rise of TFP in the Kanuri

region has two main effects on violence received by the Kanuri: there is a fall in internal

violence because wi rises in equation (8) (Kanuri groups are more attracted to farming,

and exert less violence, including locally), compensated by an increase in Yn (caused by wn),

which attracts violence from everywhere (including locally). The second effect dominates

resulting in an increase in received violence. However, the reallocation of the population to

farming in the Kanuri region (with the number of fighters dropping by around 7%) boosts

output and reduces the locally perceived price index. This is reflected in the (modest)

increase of 0.3 percentage points of income and welfare gains compared to the “Pure

Trade” scenario. The neighboring regions experience a decrease in their incoming violence

(mostly from the Kanuri region), but a slight increase in their fighters’ share of population

(mostly attracted by increased Kanuri income). Overall, these effects offset each other in

terms of income and welfare.

3: Security-inclusive. In this scenario, we unleash the security spillover, in which in-

creased income shrinks the unsecured share of that income (1 − sn decreases by almost

4%). The main consequence of adding this channel is a 3% decrease in incoming violence

in the Kanuri region compared to the status quo. This contributes to a slight increase in

local welfare with respect to the previous scenario.

4: Damage-inclusive. In this scenario, we replace the security spillover with the damage

spillover channel, where violence retroactively affects productive activity. Compared to the

“Spillover-free” scenario, the increased violence received by the Kanuri region now reduces

TFP by around 0.5 percentage points. As a consequence, local income and welfare do

increase, but by a smaller amount than when spillovers are deactivated. Interestingly, the

TFP of nearby regions also rises as they experience a reduction in violence. Therefore, their
33Details available in Appendix Section 13.
34This can be seen by rearranging the goods market clearing equation (13) to isolate nominal wages in i ,

such that wi = A
(σ−1)
σ

i L
−1/σ
i

∑N
n=1 τ

−(σ−1)
in snwnL̄nP

σ−1
n . The proportionality factor to a first order is therefore

(σ−1)
σ < 1.
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consumers also benefit from the productivity increase in the Kanuri region. This spatial

diffusion of the TFP shock happens entirely through the reduction in violence, which is a

novel feature of our model.

5: All-inclusive. In the final scenario, both security and damage spillovers are allowed

to operate. Their combined action magnifies the outcomes, resulting in a substantial

decrease in incoming violence in the Kanuri region, further amplifying the initial productivity

impulse, and ultimately increasing the final welfare benefits by almost 40% with respect to

the “Spillover-free” scenario (11.65/8.46 = 1.38). Thus, the security channel reduces the

incentives for violence, leading to less destruction and a subsequent rounds of productivity

increases, which in turn boost income and further reinforces security, and so on. These

feedback loops between the two spillovers are a novel aspect of our theoretical framework,

modeling some elements of the logic underlying the so-called conflict trap in the literature

(for a survey, see Rohner and Thoenig, 2021).

Welfare changes: Figure 144 in Appendix provides a decomposition of welfare effects

in this “All-inclusive” scenario, where all channels are active. The decomposition follows

equation (34), and plots the three elements of the overall welfare change in percentage

points against the distance from the shock in kilometers (up to 1000 kms, since it is very

clear from the last row of the last column of Table 4 that welfare changes are quite negligible

beyond that range). Total welfare change tends to fall sharply with distance from the

original shock, as expected, with some nearby regions still experiencing substantial overall

gains around 1 to 2%. As is most visible for the Kanuri region, welfare change mostly

comes from the increase in TFP. Indeed, the self-trade channel even acts as a negative

contribution, reflecting the shift towards local varieties in the new equilibrium. The rise

in sn has a direct but marginal contribution to welfare, due to all regions having initial sn
values close to 1 (including the Kanuri region). However, its indirect effect through the

feedback loops highlighted above is critical for welfare, as these interactions between the

two spillovers substantially increase the overall TFP compared to the “Damage-inclusive”

scenario, where sn is constant. Figure 145 compares the overall welfare gains in our model

to the famous formula from Arkolakis et al. (2012). In panel (a), scenarios 1 and 2

are reported. Since these scenarios lack spillover channels, welfare changes align exactly

with the ACR formula, except for the Kanuri region, which shows significant gains coming

from the direct TFP shock. Panel (b) illustrates scenario 5, where our spillover channels

introduce notable deviations from the ACR formula, even for regions without direct TFP

gains. This deviation is attributed to the indirect benefits of reduced violence. The statistic

of change in self-trade relevant in the traditional trade model is not sufficient anymore in
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our model which accounts for endogenous violence.

Geography of violence: Figure 5 provides further details regarding the impact of the

productivity shock on the geography of violence between the Kanuri and neighboring regions

(all figures are for the “All-inclusive” scenario). The gravity of violence equation (8) yields

the following decomposition:

∆ log violencein = −
γ

1− γ∆ log ξin −
1

1− γ∆ logwi + ∆ logwn + ∆ log(1− sn)− ∆ logMRVn,

(35)

with

MRVn = ξ
− γ
1−γ

in

(
ψi
wi

) γ
1−γ

+
∑
k ̸=i

ξ
− γ
1−γ

kn

(
ψk
wk

) γ
1−γ

,

which can be used to study the impact of any shock on each bilateral flow of violence.

Here, we analyze the consequences of the 10% productivity increase in the Kanuri region

on (i) total violence taking place in the Kanuri region (due to changes in internal as well

as in incoming violence), and (ii) violence flowing to other regions. The analysis relies on

the theoretical channels discussed in Section 2.2.

As noted above, the increase in Kanuri’s productivity leads to a rise in their local wage

(see footnote 34 for details). A higher wage decreases violence perpetrated by i = Kanuri

(opportunity cost channel) and increases violence targeting n = Kanuri (rapacity channel).

Additionally, there is a decline in (1− sn) due to security spillovers, which reduces violence

targeting Kanuri (state capacity channel).

(i) What is the consequence for Kanuri’s internal violence? For i = n, the changes in wage

act in opposite direction such that the rapacity and opportunity cost channels tend

to offset each other. Inspection of equation (35) reveals that cancellation is exact in

the limit when violence is very local (see also footnote 14) and only the state capacity

channel matters. This logic is at work in panel (a) of Figure 5, where internal Kanuri

violence falls by a little more than 5%. In panel (b), we see the other side of the coin:

the increased income of the Kanuri incentivizes rapacity, leading neighboring groups

to deploy more fighters to the Kanuri region to seize that additional income. This

mechanism is reinforced by the fact that the Kanuri perpetrate less violence, thereby

reducing MRVn and competition in the appropriation market. Overall, the decrease in

internal violence outweighs the increase in inward violence, resulting in a net reduction

in the total level of violence in the Kanuri region by slightly more than 4% (the black

circle in panel (c) of Figure 5, also visible in first column and first row of “All-inclusive”

scenario in Table 4).
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(ii) What happens to violence perpetrated in other regions? Equation (35) highlights how

competition in the appropriation market, as captured by MRVn, shapes the spatial

reshuffling of violence. Returning to Figure 5(a), we observe that, initially, the rise

in Kanuri’s wage reduces its violence towards every other region. However, this effect is

not uniformly distributed: a spatial gradient is visible. In regions very far from the Kanuri

region, only the − 1
1−γ∆ logwi term in equation (35) is active since ξ

− γ
1−γ

in approaches 0

in MRVn. Conversely, as a region n gets closer to the Kanuri region, the countervailing

term involving wi in MRVn becomes stronger, dampening the violence-reducing effect

of Kanuri’s TFP increase. A related spatial gradient is visible in panel (b): because the

Kanuri group is less active in regions close to it, those regions receive more attacks from

other region in Africa. This substitution effect is driven by the change in MRVn. In

panel (c) the net effect is revealed to be violence-reducing for those regions surrounding

the positive TFP shock.

Figure 5 – Change in violence after 10% rise of productivity in Kanuri’s region
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Note: The x-axis displays the distance from the 10% increase in productivity in the Kanuri region. The

y -axis reports the overall violence change in percentage points. All figures come from the “All-inclusive”

scenario. In panel (a), the flows of violence from Kanuri are reported. In panel (b), the flows of violence

from all African regions are reported. In panel (c), the flows of violence received by region n are reported.

5.6 Counterfactual 2: Sahelxit

Our second counterfactual analysis quantifies the changes in violence and development in

West Africa expected from the “Sahelxit.” This event occurred on January 28th, 2024,

when Burkina Faso, Mali, and Niger withdrew from the CEDEAO trade agreement with

immediate effect. These three exiting countries share several characteristics: they are

located in the Sahel, are former French colonies, are landlocked, are among the world’s

poorest nations, face significant pressure from transborder armed groups, and have been
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under military rule since 2022, 2021, and 2023, respectively. While the adverse economic

effects expected from such trade disintegration are relatively well understood, less is known

about its geopolitical impact—a crucial issue given the already high prevalence of violence

in the Sahelian region. Our model sheds light on this question by simulating the complex

general equilibrium interactions between trade-induced income changes and violence.

Context: In Figure 6, panel (a), the gray areas depict the 243 ethnic regions primar-

ily affiliated with a pre-exit CEDEAO member country. Among those, Sahelxit regions,

namely the ones located within Burkina, Mali or Niger, are shaded in dark gray. CEDEAO,

overall, exhibits a high propensity for violence, hosting 26 origins of violence (panel b) and

195 destinations of violence (panel c).35 The “Sahelexit” regions, although comprising only

14.85% of the population of the CEDEAO region, accounts for a disproportionate 36.49%

of the total violence committed by actors located in the CEDEAO. Additional contextual

elements are reported in Appendix Section B

Implementation and results: Our Sahelxit scenario amounts to terminating the existing

Regional Trade Agreement (RTA) between Burkina-Faso, Mali and Niger and the rest of

CEDEAO. We use our model to compute the new general equilibrium after imposing an

increase in trade frictions between all pairs with i belonging to one of the three exiting

countries and n in the rest of CEDEAO. More specifically, for these “treated” pairs only,

we remove the RTA effect in equation (28). This is equivalent to imposing the following

shock to their trade frictions:

τ ′in = τin × eµ3/(σ−1) = τin × e1.71/5.03,

where τ ′in stands for their post-sahel-exit friction. Note that this is a significant shock, as

trade flows between the Sahel and rest of CEDEAO are predicted to fall by approximately

82% = exp(−1.71)− 1.

Table 5 provides a number of summary results regarding bilateral trade and bilateral violence

changes due to the simulated policy experiment. The three rows detail results according

to three categories of destinations: those breaking away from CEDEAO; those staying

in CEDEAO; and the other regions in Africa. The four columns on the left of this table

examine changes in violence over origins, and the four to the right report changes in bilateral

trade shares. Table 6 reports the changes in the main monadic variables (total violence,

35In particular, two of Africa’s most violent actors are active in these territories: Jama’at Nusrat al-Islam
wal-Muslimin (JNIM), the second most violent actor (4223 events), and Boko Haram, the eighth most violent
actor (1605 events). Both are associated with ethnic groups located in the CEDEAO region: the Masina
ethnic group for the former and the Kanuri ethnic group for the latter.
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Figure 6 – Geography of violence in Sahel and neighbouring countries

(a) Sahel exiters and CEDEAO (b) 26 Origins of violence (c) 195 Destinations of violence
Note: In panel (a), the light gray areas depict the 243 ethnic regions primarily affiliated with a pre-exit
CEDEAO member country. Sahelxit regions are shaded in dark gray. Panel (b) depicts the origins of
violence, and panel (c) shows the destinations of violence.

Table 5 – Aggregate results of Sahelxit scenarios: dyadic effects
Zones Avg. % change in violencein Avg. % change in πin
Origin → Local Rest of : Local Rest of :

Scenario Destination ↓ sahelxit CEDEAO Africa sahelxit CEDEAO Africa

All-inclusive
sahelxit 0.61 0.8 -0.89 -1.04 9.51 8.43 -81.18 3.69
rest of CEDEAO 0.04 1.76 0.06 -0.1 1.40 -80.91 1.26 0.89
other -0.03 1.75 0.04 -0.11 -0.02 4.69 0.46 0.09

Note: Numbers represent average percent changes. The average is taken over the ethnic regions inside a destination
zone.

Table 6 – Aggregate results of Sahelxit scenario: monadic effectsAvg. % Change in

Scenario Zone violencen 1− sn ln TFP (An) Income Welfare

All-inclusive
sahelxit 0.24 0.47 0.77 -0.03 -0.96 -1.69
rest of CEDEAO 0.12 0.03 -0.01 -0.00 -0.07 -0.24
other 0.17 -0.01 -0.36 -0.00 0.02 0.01

Note: Numbers represent average percent changes.
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insecurity, number of fighters, TFP, income and welfare) for the same three categories

of regions. In both tables, the results are computed for the “full” version of the model,

accounting for both security and damage spillovers.

(i) Due to the increase in trade frictions, trade is redirected away from the pairs of re-

gions where the RTA link is shut down. For the most affected regions (Sahelxit), the

reallocation of trade is local (within the region itself) or with other Sahelxit regions.

The rest of CEDEAO regions also see their local trade increase. In the rest of Africa,

most of the action is an increase in imports from Sahelxit regions, which stems from

those regions becoming poorer and therefore more competitive in exporting to the rest

of Africa. This can be seen in the first row of Table 6, where income in Sahelxit regions

drops by around 1%.

(ii) For Sahelxit regions, the end of the RTA with the rest of CEDEAO represents a signifi-

cant loss of economic opportunities. The implication for violence is that looting becomes

relatively more attractive as an occupation, drawing more individuals into fighting. Ta-

ble 6 shows that the number of fighters goes up by 0.77%. As a result, Sahelxit regions

increase their fighting activities across all regions (Table 5): violence increases by 0.61%

internally, 0.8% towards other Sahelxit regions, and 1.7% towards the rest of CEDEAO

and the rest of Africa. Conversely, as Sahelxit regions become poorer, their attractive-

ness for rapacity decreases, leading to a reduction in violence targeting them from the

rest of CEDEAO (−0.89%) and Africa (−1%).

To further understand the reshuffling of violent flows, it is useful to quantify the different

elements of the decomposition outlined in equation (35). This is done in Table 7, which

focuses on bilateral flows of violence received by Sahelxit regions from all the CEDEAO. It

is decomposed into three categories of origins: rest of CEDEAO (first row); other Sahelxit

regions (second row); self (third row). We discuss in details only the first case but the

same logic applies to the other two.

(iii) Violence originating from the rest of CEDEAO towards Sahelxit regions decreases on

average by 0.89%. This is because the fall in wn makes looting in those destinations

less attractive (rapacity effect). The MRVn term acts similarly, reflecting that the

larger number of internal fighters in Sahelxit regions intensifies competition for income

appropriation. However, these effects are partially counterbalanced by two forces. First,

the rise in 1 − sn (state capacity channel), since poorer Sahelxit regions have greater

difficulty protecting their income from looting. Second, the decrease in wi (opportunity

cost channel) as the rest of CEDEAO also becomes marginally poorer (row 2, column

5 of Table 6). Overall, the pacifying effects largely dominate for this flow of violence.

However, as shown in the second and third rows of Table 7, the balance of effects shifts

when considering violence originating from Sahelxit regions and self, where the fall in
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wi incentivizes fighters and outweighs the previously mentioned pacifying effects.

Figures 146 and 147 in Appendix B illustrate the changes in income and violence across

ethnic regions in West Africa. Although significant inter-regional heterogeneity persists

even after accounting for the extent of exposure to the Sahelxit trade shock, visual in-

spection confirms the patterns observed in the aggregate sample. The Sahelxit leads to

a substantial decrease in income within regions that break away from CEDEAO. These

regions exert more violence everywhere, while other regions exert less. In net, the level of

violence increases in almost all regions in West Africa. Consequently, the Sahelxit is likely

to further contribute to the geopolitical destabilization of this part of the continent.

Table 7 – All-inclusive CF: decomposition of bilateral violence (n ∈ Sahelexit)
Origin Count Average Average ∆ log

dyads violencein violencein ξ
− γ
1−γ

in w
− 1
1−γ

i (1− sn) wn MRV−1n

Rest of CEDEAO 840 0.69 -0.90 0 0.16 0.47 -0.95 -0.58
Rest of sahelexit 246 24.11 0.80 0 1.86 0.47 -0.95 -0.58
Local 6 354.06 0.60 0 1.86 0.50 -1.02 -0.73

All 1092 7.91 -0.51 0 0.56 0.47 -0.95 -0.58
Note: The sample consists of destinations inside the Sahelexit zone, and origins in the whole CEDEAO. Numbers
in last 5 columns represent average percentage point changes. First two columns are mutually exclusive.

6 Conclusion

In this paper, we build a quantitative spatial model of violence, offering a tractable and

estimable framework that integrates economic and fighting margins. By leveraging on

conceptual and functional form similarities between commonly used trade and conflict

models, we demonstrate that gravity forces are useful for the modeling and the description

of bilateral violence. Interestingly, our model incorporates the well-known channels through

which income influences violence while also uncovering a novel mechanism associated with

spatial competition in the appropriation market among fighting groups (the Multilateral

Resistance of Violence). Our empirical analysis, covering continental Africa from 1997 to

2023, validates the model’s predictions and highlights the significant effects that spatial

frictions, such as distance and the crossing of ethnic or political borders, have on conflicts.

Overall, our approach is simple, flexible, and requires minimal amounts of data, which we

view as a key advantage when analyzing regions in conflict.

Once the structural parameters of our model have been estimated, we can proceed to coun-

terfactual analysis of policy shocks relevant for contexts with weak institutions and where

insecurity is prevalent. Our first simulation examines the impact of an exogenous increase

in local farming productivity. Accounting for spatial general equilibrium feedback effects
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significantly increases welfare gains: Indeed, the shock not only reduces violence in the

impacted region but also leads to overall pacification and increased productivity in neigh-

boring regions. Our second counterfactual analysis examines the “Sahelxit” event, when

Burkina Faso, Mali, and Niger withdrew from the CEDEAO trade agreement on January

28th, 2024. Our simulation predicts that the withdrawal will result in economic decline,

increased looting, and more outward violence from these regions, leading to higher overall

violence and further destabilization across Western Africa. These counterfactual simula-

tions provide insights to inform policies that pursue the dual objectives of development and

peace. We also perform several decomposition exercises to quantify the contribution of

each behavioral margin to the overall effect. Distinguishing between income at origin and

destination and factoring in the multilateral resistance of violence (two of our contributions

to the literature) are both quantitatively important.

Our paper opens new avenues for future research, and our generic framework can also be

further adapted to other contexts. First, the only observable outcome in many settings

is the total (monadic) violence exerted in a region, the origin of violence being unknown.

Our framework suggests that when estimating the impact of local income on violence in a

region without bilateral data, researchers should try to account for the “Supply Potential of

Violence”. This object encompasses the local opportunity cost of fighting and the weighted

average of fighting potentials from all origins, including the destination itself, that seek to

appropriate income in the region. Second, our framework can be extended in several ways.

For example, climate change is expected to significantly affect local incomes, leading to

spatial income inequality and influencing various forms of migration, both internal and

international. Our framework should be tractable enough to allow for these effects on

income and for associated migration incentives. Another potential extension is to refine

the modeling of the industrial organization of armed groups. These groups may adopt

diverse organizational structures to sustain their activities and exert control over territory

and populations, using both local and global networks for recruitment and operations.

Enhancing the representation of the “market power” and various competitive strategies of

fighting groups could significantly advance our understanding of how violence develops in

a spatially competitive environment.
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Appendix

8 The appropriation game

Setup. Appropriation is modeled as a multi-stage game with repeated contests. The se-
quence works as follows: farmers are first looted by fighters. Then, fighters are themselves
looted by other fighters who are looted by other fighters... until the game ends. The game
ends when income is ε-secured (i.e. unsecured income falls below an arbitrary ε > 0) for
all players.36 The box below describes the game:

Sequence of the appropriation game:
1. Front-loaded payment of the gross income Y Pn of producers; only a share sn is immedi-

ately (and definitively) secured. The residual (1− sn)Y Pn is unsecured.

2. “Once-for-all” optimal assignment of fighters lin from region i to region n → this sets
the stationary appropriation shares pin as defined by the Contest Success Function and
subject to a spatial friction factor ξin.

3. Sub-period 1: Fighters in i loot unsecured farmers’ income, generating revenue Ri(1) =∑
n pin × (1− sn)Y Pn .

4. Repeated stage game starts:
Stage Game at sub-period k > 1:
i/ Looting by fighters lin of income that is still unsecured in region n.
ii/ Ri(k) is the flow of income appropriated by fighters in sub-period k . It is (friction-

free) repatriated in region i .
iii/ A share si of Ri(k) is definitively secured. The residual income (1 − si)Ri(k) is

unsecured.
iv/ If (1 − si)Ri(k) < ε for all i , the sub-game ends and we move to stage 5 (below).

Otherwise, we proceed to sub-period (k + 1) and restart the stage game (i) to (iii).

5. Secured incomes of all resident workers from i (farmers and fighters) being repatriated
in i , production, trade, and consumption take place.

Accounting exercise: “Follow the money”. To understand how looting of resources
evolves over time, we need to perform an accounting of the looted resources at each stage
of the game. The law of motion of appropriation is given by

Ri(1) =
∑
n

pin × (1− sn)Y Pn , and Ri(k) =
∑
n

pin × (1− sn)Rn(k − 1), for k > 1.

(8.1)

36An upper bound of the end game sub-period T is given by maxn(1 − sn)T < ε. In the model inversion
procedure, the lowest value of sn recovered from the data is equal to 0.62. This implies that after 10
iterations of the stage game, each player has at least 99% (= 1 − 0.6210) of her income being definitely
secured.
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In matrix notation:

R(1) = AYP, and R(k) = AR(k − 1) for k > 1, (8.2)

where A is the (N × N) appropriation matrix: ain = pin × (1− sn).

Replacing R(k − 1) = AR(k − 2), R(k − 2) = AR(k − 3), etc. in equation (8.2) yields

R(k) = AkYP. (8.3)

As k grows large, the vector R(k) converges to the null vector (this is because all entries
of A are positive and below 1).

The amount of gross fighting revenues accumulated over the entire game is given by

R =

∞∑
k=1

R(k) =

∞∑
k=1

AkYP = A

(
YP +

∞∑
k=1

AkYP

)
= A

(
YP + R

)
= AY, (8.4)

where Y ≡ YP + R is the vector of total gross incomes (farmers’ + fighters’ incomes).
From the previous equation, we obtain the gross fighting revenues accruing to region i

Ri =
∑
n

pin × (1− sn)Yn. (8.5)

This revenue is the one that each group seeks to optimize by assigning optimally its fighters
lin to each region n (equation 7 in the main text).

From gross income to expenditure. An important distinction in the model is between
aggregate gross income Yn that is made of both secured and unsecured income and aggre-
gate expenditure En that is made only of fully secured income.
Gross aggregate income is given by producers’ and farmers’ incomes

Yi = Y
P
i + Ri .

Total expenditures of producers are given by

EPi = siY
P
i .

For fighters, at each subperiod k of the game, only a share of their newly appropriated
flow of revenues is secured and will ultimately contribute to their expenditures. Thus, their
expenditure is given by

EFi =

∞∑
k=1

siRi(k) = si

∞∑
k=1

Ri(k) = siRi .

We consequently get that the total expenditure of region i is given by

Ei = E
P
i + E

F
i = si

(
Y Pi + Ri

)
= siYi , (8.6)

which corresponds to equation (4) of the main text.
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Consequences for the GE. Under these micro-foundations of the appropriation game,
we see from the previous relation that the aggregate ratio En/Yn is equal to the exogenous
parameter sn. Essentially, the assumption that "being a fighter does not protect against
being looted" implies that this ratio is not affected by the (endogenous) composition of the
workforce at equilibrium: it does not depend on the number of fighters and farmers. Impor-
tantly, the relation En = snYn proves to be very useful (but not vital) for the GE analysis:
it leads to the symmetry in the aggregate trade and fighting revenue equations. This in
turn enables us to characterize the GE with the unique fixed point “master” equation (15)
in the main text.

General Equilibrium under alternative microfoundations. Let assume alternatively
that only farmers are looted: Hence, fighters’ income is immediately and fully secured.
The rest of the game is unchanged. Clearly, after one step, farmers are looted and the
game ends. Moreover, at equilibrium of the labor market, workers are indifferent between
farming and fighting. Therefore:

si × wP
i = w

F
i

In turn, denoting wi the fighters’ wage at equilibrium, aggregate expenditures are given by

En = sn
wn
sn
Ln + wnln = wnL̄n

And the system of equations that characterizes the GE is given by

wi
si
Li =

∑
n

τ
−(σ−1)
in

(
siAi
wi

)σ−1
∑

k τ
−(σ−1)
kn

(
skAk
wk

)σ−1wnL̄n (8.7)

wi li =
∑
n

ξ
− γ
1−γ

in

(
ψi
wi

) γ
1−γ

∑
k ξ
− γ
1−γ

kn

(
ψk
wk

) γ
1−γ

1− sn
sn

wnLn (8.8)

L̄i = Li + li (8.9)

The system of equations (8.7)-(8.8)-(8.9) is not reducible to a unique fixed-point “master”
equation anymore. So, the GE model becomes less tractable: in particular, characterizing
the existence and uniqueness of the equilibrium is more challenging. This said, numerical
simulations are still feasible and the counterfactual analysis could presumably be performed
under this alternative model.

9 Derivation of the gravity of violence

This section details the computations required to derive the theoretical gravity equation
of violence (8). This object represents the partial equilibrium flow of violence (quantity)
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from i to n. We demonstrate below that it is given by:

violencein ≡ ψi lin = ξ
− γ
1−γ

in ×
(
ψi

wF
i

) 1
1−γ

×
(1− sn)Yn∑

k ξ
− γ
1−γ

kn

(
ψk
wFk

) γ
1−γ
. (9.10)

Proof The proof proceeds in three steps:

1. The optimal spatial allocation choice of troops across regions of destination n is given
by:

Ri ≡ max
lin

∑
n

pin (1− sn) Yn, s.t li =
∑
n

lin, (9.11)

with

pin =
(ξ−1in ψi lin)

γ∑
k(ξ

−1
kn ψk lkn)

γ
, (9.12)

under the assumption 0 < γ < 1 (to get a concave maximization problem) which we
estimate to be the case in the empirics. The resulting Lagrangian for this optimization
problem writes as:

L =
∑
n

(ξ−1in ψi lin)
γ∑

k (ξ
−1
kn ψk lkn)

γ
(1− sn)Yn − λ

(
li −

∑
n

lin

)
.

Assuming that groups are small enough to neglect their impact on the overall conditions

of violence in n,
∂[

∑
k(ξ
−1
kn ψk lkn)

γ]
∂lin

= 0, we obtain the first-order-conditions:

∂L
∂lin
= 0⇐⇒ lin =

(
λ×

∑
k ξ
−γ
kn ψ

γ
k l
γ
kn

γξ−γin ψ
γ
i (1− sn)Yn

) 1
γ−1

,

∂L
∂λ
= 0⇐⇒ li =

∑
n

lin.

Combining the two FOCs and using li =
∑

n lin =
∑

k lik :

li =
∑
k

lik ⇐⇒ li = λ
1
γ−1×

∑
k

( ∑
j ξ
−γ
jk ψ

γ
j l
γ
jk

γξ−γik ψ
γ
i (1− sk)Yk

) 1
γ−1

⇐⇒ λ
1
γ−1 =

li∑
k

( ∑
j ξ
−γ
jk ψ

γ
j l
γ
jk

γξ−γik ψ
γ
i (1−sk)Yk

) 1
γ−1
.

Plugging back this expression in the first FOC, we obtain:

lin
li
=

( ∑
k ξ
−γ
kn ψ

γ
k l
γ
kn

γξ−γin ψ
γ
i (1− sn)Yn

) 1
γ−1

×

[∑
k

( ∑
j ξ
−γ
jk ψ

γ
j l
γ
jk

γξ−γik ψ
γ
i (1− sk)Yk

) 1
γ−1
]−1

. (9.13)

One can further note that:( ∑
k ξ
−γ
kn ψ

γ
k l
γ
kn

γξ−γin ψ
γ
i (1− sn)Yn

) 1
γ−1

= (γξ−γin ψ
γ
i )

1
1−γ ×

(
(1− sn)Yn∑
k ξ
−γ
kn ψ

γ
k l
γ
kn

) 1
1−γ

,
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and :

∑
k

( ∑
j ξ
−γ
jk ψ

γ
j l
γ
jk

γξ−γik ψ
γ
i (1− sk)Yk

) 1
γ−1

=
∑
k

[(
γξ−γik ψ

γ
i

) 1
1−γ

×
(
(1− sk)Yk∑
j ξ
−γ
jk ψ

γ
j l
γ
jk

) 1
1−γ
]
.

Thus, defining the useful term Ω as

Ωn ≡
(1− sn)Yn∑
k(ξ

−1
kn ψk lkn)

γ
, (9.14)

we can rewrite (9.13) as

lin
li
=(γξ−γin ψ

γ
i )

1
1−γ ×Ω

1
1−γ
n ×

[∑
k

[(
γξ−γik ψ

γ
i

) 1
1−γ

×Ω
1
1−γ
k

]]−1
,

Which implies that optimal lin is given by:

lin =
ξ
−γ
1−γ
in Ω

1
1−γ
n∑

k ξ
−γ
1−γ
ik Ω

1
1−γ
k

× li . (9.15)

Plugging back (9.15) into (9.12), one gets the partial equilibrium probability of contest
winning, p∗in:

p∗in = ψ
γ
i ξ
−γ
in ×

 ξ
−γ
1−γ
in Ω

1
1−γ
n∑

k ξ
−γ
1−γ
ik Ω

1
1−γ
k

× li

γ × [∑
k

ψγk l
γ
knξ
−γ
kn

]−1

2. The next step is to use the equilibrium p∗in in total looting revenues of i

Ri =
∑
n

p∗in (1− sn) Yn. (9.16)

Noting that ψγi , l
γ
i and

∑
k ξ

−γ
1−γ
ik Ω

1
1−γ
k do not depend on destination n:

Ri = (liψi)
γ

[∑
k

ξ
−γ
1−γ
ik Ω

1
1−γ
k

]−γ
×
∑
n

(1− sn)Ynξ−γin∑
k ψ

γ
k l
γ
knξ
−γ
kn

×

(
ξ
−γ
1−γ
in ×Ω

1
1−γ
n

)γ

= (liψi)
γ

[∑
k

ξ
−γ
1−γ
ik Ω

1
1−γ
k

]−γ
×
∑
n

Ωnξ
−γ
kn ×

(
ξ
−γ
1−γ
in ×Ω

1
1−γ
n

)γ

= (liψi)
γ

[∑
n

Ω
1
1−γ
n ξ

−γ
1−γ
in

]1−γ
Using the fact that looting revenues are redistributed among fighters, each paid wF

i , we
have Ri = wF

i li and we can solve for li :

li =
ψ

γ
1−γ
i

(wF
i )

1
1−γ

∑
n

Ω
1
1−γ
n ξ

−γ
1−γ
in . (9.17)
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This allows to simplify further the expression for the optimal lin in (9.15) to obtain:

lin =
ψ

γ
1−γ
i

(wF
i )

1
1−γ
ξ
−γ
1−γ
in Ω

1
1−γ
n (9.18)

3. As can be seen from (9.14), the above equation still has numbers of fighters (lin) on
both sides through the Ω terms. The next step is therefore to solve for Ωn as being
functions of w rather than l . In order to do that, start with definition of Ωn to obtain∑

k

(ψk lknξ
−1
kn )

γ =
(1− sn)Yn
Ωn

.

Then replacing equilibrium bilateral allocation of fighters from (9.18) into
∑

k(ψk lknξ
−1
kn )

γ

yields ∑
k

(ψk lknξ
−1
kn )

γ =
∑
k

(
ψ

1
1−γ
k (w

F
k )

−1
1−γ ξ

−1
1−γ
kn Ω

1
1−γ
n

)γ
= Ω

γ
1−γ
n

∑
k

(
ψk

wF
k ξkn

) γ
1−γ

. (9.19)

As a result, we obtain a solution for Ωn which is independent of lin:

Ω
1
1−γ
n =

(1− sn)Yn∑
k

(
ψk

wFk ξkn

) γ
1−γ
. (9.20)

Defining violencein ≡ ψi lin and combining (9.18) with (9.20) gives the final equation
for gravity of violence:

violencein ≡

(
ψi

wF
i

) 1
1−γ

ξ
−γ
1−γ
in

(1− sn)Yn∑
k ξ

−γ
1−γ
kn (

ψk
wFk
)

γ
1−γ

, (9.21)

which completes the proof.

Finally, we can note that the equilibrium success probability (using 9.18 in 9.12) is

pin =

(
ψi

wFi ξin

) γ
1−γ

∑
k

(
ψk

wFk ξkn

) γ
1−γ
. (9.22)

Therefore, after optimizing the allocation of fighters over space, we have that

violencein =
ψi

wF
i

pin(1− sn)Yn ⇒ wF
i lin = pin(1− sn)Yn,

which implies that the financial flow linked to bilateral violence simply multiplies lootable
income with the probability of success.
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10 Equilibrium existence and uniqueness

The proof of the existence and uniqueness of the equilibrium vector of wages as a fixed-point
of equation (15) follows an approach similar to Allen (2019). It proceeds in two stages.
Firstly, we show that our model generates “well-behaved” excess demand functions for
goods and violence for each region i ∈ N. Secondly, we invoke standard results from Mas-
Colell et al. (1995) on excess demand functions to establish the existence and uniqueness
of the equilibrium. A comprehensive proof is provided in the Online Appendix, Section
OA4.
From our master equation (15) we define the following excess demand function Zi(w) for
i ∈ N:

Zi(w) ≡
1

wi

(∑
n

βin(w)wnL̄n − wi L̄i
)
, (10.23)

where βin(w) is given by Equation (16). Reformulating the previous equation leads to a
decomposition of the excess-demand function into two sub-components:

Zi(w) =
1

wi

[∑
n

(1− sn)×
w
− γ
1−γ

i ( ψi
ξin
)

γ
1−γ∑

k(
ψk
ξknwk
)

γ
1−γ
− (1− si)wi L̄i

]
+
1

wi

[∑
n

sn ×
w 1−σi

(
Ai
τin

)σ−1
∑

k

(
Ak
τknwk

)σ−1 − siwi L̄i
]

≡ ZFi (w) + ZPi (w).

The sub-components ZFi (.) and ZPi (.), and by additivity Zi(.), are all “well-behaved” in the
sense that they satisfy the following set of properties:

(P1) ∀w≫ 0,∀i ∈ N, Zi(.) is continuous

(P2) ∀i ∈ N, Zi(.) is homogeneous of degree zero

(P3) ∀w≫ 0, we have
∑

i∈N wiZi(w) = 0

(P4) ∀w≫ 0,∃k > 0 such that ∀i ∈ N,Zi(w) > −k
(P5) Consider any w ∈ R∥N∥ such that there exists (l , l ′) ∈ N × N with wl = 0 and wl ′ > 0.

Consider any sequence of wages such that wm → w as m →∞. Then:

max
i∈N

Zi(wm)→∞.

(P6) ∀i ∈ N,∀j ̸= i , ∂Zi (w)
∂wj

> 0 (Gross Substitute property)

Since the function Zi(.) satisfies (P1)-(P5), we can apply Proposition 17.C.1 from Mas-
Colell et al. (1995) on page 585, thereby proving the existence of an equilibrium vector
of wages. Additionally, this function meets the gross substitute property (P6), which is
a sufficient condition to apply Proposition 17.F.3 from Mas-Colell et al. (1995) on page
613, thereby proving the uniqueness of the equilibrium vector of wages.

53



CEPII Working Paper The Gravity of Violence

11 Supplementary material for section 4 (model inver-
sion)

This section provides supplementary material related to our inversion procedure in Section
4.

A Material for steps 1, 2 and 6

In Figure 111, we plot the estimated F̂E
o

i against the observed (logged) number of violent
events originating from i . Table 111 reports the estimation results of equation (24) for
OLS in column (1), first stage in column (2), reduced form version of the regression in
column (3), and 2SLS in column (4). To cross-validate the method to recover farming
productivity Âi , in Figure 112 we plot (logged) Âi against observed (logged) nighttime
light.

Figure 111 – Gravity fixed effects and observed violence
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Note: The x-axis displays the observed (logged)
number of violent events perpetrated by the 87 ori-
gins of violence. The y -axis reports their origin fixed
effects, as recovered from the estimation of Equa-
tion (22), replicating column 3 of Table 2.
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Table 111 – Determinants of F̂E
o

i

(1) (2) (3) (4)
OLS First stage Reduced form 2SLS

Dep. Var. F̂E
o

i log
(
lighti
light1

)
F̂E

o

i F̂E
o

i

log
(
lighti
light1

)
–0.394∗∗∗ –0.493∗∗∗

(0.061) (0.079)

log
(
P r ice i
P r ice1

)
21.110∗∗∗ –10.416∗∗∗

(2.057) (1.648)

R-squared 0.268 0.552 0.228
Observations 87 86 86 86
First-stage F-statistic 105
Note: This Table presents the OLS regression (column 1), the first stage (column
2), the reduced form version of the regression (column 3), and the IV estimate of

Equation (24) (column 4). F̂E
o

i are estimated using Equation (22). log
(
lighti
light1

)
corresponds to the log of the nighttime light per capital normalized by the value
associated to the reference group. log

(
Pricei
Price1

)
corresponds to the log average

world prices of the 5 most suitable crops normalized by the value of the reference
group. The ethnic group Ifora is not included in columns 2 to 4 because the log
ratio of prices is undefined for this group due to the underlying crop suitability
being equal to zero. ∗ Significant at 10%, ∗∗ significant at 5%, ∗∗∗ significant at
1%.

Figure 112 – Estimated farming productivity Âi and nighttime lights
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Note: The x-axis displays the (logged) farming productivity Âi recov-
ered from the equation (29) for the 824 ethnic regions. The y -axis
reports the (logged) nighttime lights per capita.
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Table 112 – Gravity estimates of frictions for Africa

Model (1) (2) (3) (4) (5) (6)

log distance (All) -1.30∗∗∗ -2.11∗∗∗ -1.12∗∗∗ -1.76∗∗∗

(0.029) (0.116) (0.030) (0.112)
RTA (All) 0.349∗∗∗ 0.746∗∗∗ 0.856∗∗∗ 1.18∗∗∗

(0.053) (0.172) (0.044) (0.137)
Border (All) -3.45∗∗∗ -4.21∗∗∗

(0.080) (0.186)
log distance (not Afr) -1.12∗∗∗

(0.030)
RTA (not Afr) 0.734∗∗∗ 0.504∗∗∗

(0.046) (0.035)
Border (not Afr) -3.14∗∗∗

(0.084)
log distance (Afr) -0.845∗∗∗

(0.038)
RTA (Afr) 1.71∗∗∗ 1.07∗∗∗

(0.133) (0.132)
Border (Afr) -5.34∗∗∗

(0.158)

Observations 743,245 46,025 752,491 48,528 752,491 750,212
Squared Correlation 0.686 0.979 0.938 0.998 0.941 0.985

Only Africa: No Yes No Yes No No
With self-trade: No No Yes Yes Yes Yes
Note: All regressions using PPML. The first 5 columns include origin-year and
destination-year fixed effects, while column (6) adds a country-pair fixed effect.
Columns (2) and (4) restrict the sample to African countries, the others don’t.
Columns (1) and (2) do not include self-trade, the others do.
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B Material for step 5: Gravity of trade flows in Africa

In this section we estimate a gravity equation of bilateral trade between African countries
over the 1970-2018 period to recover elasticities that are crucial for calibrating the inter-
regional trade frictions τin (step 5 in the inversion procedure).

There is no data for trade flows at the detailed geographical level used for measuring
bilateral violence. Our approach is therefore to apply coefficients obtained for bilateral
trade equation estimated at the national level. We estimate the following country-level
gravity equation using the data put together by Head and Mayer (2021) for the 1970-2018
period:

E (Xodt) = exp [µ1 log distanceod + µ2Political borderod + µ3RTAodt + FEot + FEdt + ϵ̃od ] ,
(11.24)

where Xodt is the bilateral trade flow from origin country o to destination country d in year
t. The independent variables are the log of the bilateral distance between o and d , a binary
variable that equals one if o and d are different countries, and another binary variable that
equals one if o and d are part of the same regional trade agreement.37 Estimation is carried
out using the HDFE PPML estimator including origin×year and destination×year fixed
effects, and clustering by dyad. Table 112 displays the estimates. The first column displays
the traditional gravity setup that only considers international trade flows, for the whole
panel. The coefficients on distance and RTA are of similar magnitudes when compared
to the vast literature estimating those frictions (see Head and Mayer (2014) for a meta-
analysis of those frictions). Column (2) focuses on intra-African trade, and shows that
the absolute value of coefficient rises: distance is more detrimental to African trade, but
RTAs have a larger positive influence. Those patterns are repeated in colums (3) and
(4) which include self-trade for each of the countries and years. Crossing a national
border reduces trade drastically in general, but even more in Africa. Another approach to
allow for African specific frictions is to interact those 3 frictions with intra-African / not
intra-African dummies. This allows for country-year fixed effects to be better estimated
since all countries are included in the regression. The strong effects of African border
crossing and RTAs is maintained, but distance effects are now more similar. Column (6)
adds dyadic fixed effects to the regression letting only one variable to be identified in the
within dimension: Again RTAs are revealed to have a stronger effect inside Africa. Results
displayed in column 5 are used to calibrate the µs that are then used in equation (28).

C Estimated parameters: summary

Table 113 presents descriptive statistics for the parameters estimated with our inversion
procedure in Section 4. Note that this table reports estimates of sn only for the 623 des-
tination regions receiving violence; sn is set to 1 for the remaining 201 regions which
experienced no violence.

37See the appendix of Head and Mayer (2021) for details of how flows internal to a country are constructed.
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Table 113 – Estimated parameters, some statisticsParam. Numbers Mean Median St. Dev. Min Max

Full sample

Âi 824 3.970 3.885 1.541 0.394 13.595

Destinations
ŝn 623 0.992 0.998 0.024 0.628 0.99998

Origins

ψ̂i 87 0.014 0.011 0.012 0.0003 0.066
l̂i/popi 87 0.078 0.018 0.159 0.001 0.864
L̂i/popi 87 0.922 0.982 0.159 0.136 0.999

Note: Table 113 presents descriptive statistics for the parameters estimated with our
inversion procedure in Section 4.

12 Calibration of violence spillovers

A Calibration of the destruction spillover

In the main text, equation (31) specifies the destruction spillover. In (31), the set of
structural parameters to be calibrated consists of the semi-elasticity of TFP to violence
ε1 and of the vector of baseline productivity Ā. The calibration procedure thus consists in
estimating the empirical counterpart of (31), such that:

logAn = −ε1 × violencen + residual1,n, (12.25)

where An is recovered from step 6 of the model inversion procedure (page 26) and violencen
represents the total violence as observed in the data.
An endogeneity concern arises from potential reverse causation going from productivity to
violence: Indeed, a change in An affects local income per-capita wn, which in turn can
influence violencen; this causal path is, in essence, linked to the rapacity effect. We
address this issue by building a model-consistent shifter of violencen. For this purpose,
we incorporate the spatial weights defined in equation (17) into equation (18) to express
monadic violence exerted in n as:

log (violencen) = log(1− sn) + logwn + log
∑
i

ξ
− γ
1−γ

in

(
ψi L̄i
Yi

) 1
1−γ
L̄n∑

k ξ
− γ
1−γ

kn

(
ψk L̄k
Yk

) γ
1−γ
. (12.26)

To satisfy the exclusion restriction, we need to choose a shifter of violencen that is
independent of productivities and incomes. In this regard, the first two terms on the right-
hand side of the previous equation are unsuitable, as they both depend on local income wn,
indirectly through the security spillover for the first term, and directly for the second term.
A natural choice is the third term, which represents the SPV (see page 13) augmented with
log L̄n. After eliminating the dependence on incomes in this term, and using the observed
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population size, our model-consistent shifter of violencen is given by:

S̃PVn ≡ log
∑
i

ξ
− γ
1−γ

in (ψipopi)
1
1−γ popn∑

k(
ψkpopk
ξkn
)

γ
1−γ

. (12.27)

We perform a 2SLS estimation of (12.25) using S̃PVn as the instrument. The semi-elasticity
of TFP to violence is estimated to be−ε1 = −0.00044 with a standard error of 0.00017 and
a first-stage F-statistic equal to 35. This elasticity has a direct quantitative interpretation:
an increase of one hundred ACLED events leads to a reduction in local TFP by 4.4% .
The corresponding reduced form relationship between the IV and the dependent variable
is depicted in the left panel of Figure 123. Lastly, comparing equations (31) and (12.25)
reveals that the structural interpretation of the error term is residual1,n = log Ān. This
relationship enables us to recover the baseline productivity level in the destruction spillover.

Figure 123 – Reduced form evidence of violence spillovers
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B Calibration of the security spillover

We adopt a similar approach to calibrate the elasticity ε2 and the baseline state capacity
parameter s̄n in the security spillover equation (32). This equation can be reformulated
into the following econometric specification:

log
sn
1− sn

= ε2 × log Yn + residual2,n, (12.28)

where sn is the state capacity parameter recovered from step 3 of the model inversion
procedure (equation 26) and Yn denotes the regional income as proxied by nighttime lights
(see equation 24): Yn ≡ lightλn × popn.
To estimate this equation, we need to instrument income so as to address potential reverse
causation from state capacity on income (through violence and the destruction spillover).
We construct the following model-consistent shifter of n’s trade revenues:

S̃PTn ≡ log
∑
k

τ1−σnk L̄k∑
ℓ τ
1−σ
ℓk

, (12.29)
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which corresponds to a supply potential of trade based on equation (13), after removing
all dependencies on income, productivity, and state capacity, and adapting the countries’
subscripts such that n is the supplier of goods.
Equation (12.28) is estimated using S̃PTn as the instrument. The 2SLS estimate of the
elasticity of state capacity to income is equal to ε2 = 0.5 with a standard error of 0.09 and
a first-stage F-statistic equal to 284. The right panel of Figure 123 illustrates the reduced
form relationship. Comparing equations (32) and (12.28) reveals that the structural inter-
pretation of the residual is residual2,n = log s̄n

1−s̄n . This relationship allows us to recover the
vector of baseline state capacity s̄.

13 Pure Trade equilibrium

In the “Pure Trade” version of the model, the allocation of labor between production and
fighting is held constant. This has consequences for the equilibrium characterization that
differs in several respects from the system of equations reported in Section 2.3.
First, the labor market clearing condition (12) is still valid but Li and li are now exogenously
set. Second, in absence of free occupation choice, farming and fighting incomes—given
by the two endogenous variables wP

i and wF
i , respectively—are not necessarily equalized

in equilibrium and equation (10) is not verified anymore. Therefore, the wage dependence
of the trade share in (13) and fighting probability in (14) must be adjusted accordingly.
Finally, total income is now equal to Yi = wF

i × li + wP
i × Li . Combining these elements

together, we obtain the set of equations that characterizes the pure trade equilibrium:

wP
i Li =

N∑
n=1

τ
−(σ−1)
in

(
Ai
wPi

)σ−1
∑N

k=1 τ
−(σ−1)
kn

(
Ak
wPk

)σ−1 snYn, (13.30)

wF
i li =

N∑
n=1

ξ
− γ
1−γ

in

(
ψi
wFi

) γ
1−γ

∑N
k=1 ξ

− γ
1−γ

kn

(
ψk
wFk

) γ
1−γ
(1− sn)Yn, (13.31)

Yi = w
F
i × ln + wP

i × Li . (13.32)

This system of 3×N equations has 3×N unknowns, represented by the vector {wP
i , w

F
i , Yi}1≤i≤N.
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14 Supplementary material for section 5 (counterfactu-
als)

A Counterfactual 1: productivity shock

Figure 144 – Welfare change decomposition after 10% rise of productivity in Kanuri’s
region
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Figure 145 – Welfare after 10% rise of productivity in Kanuri’s region

(a) Welfare (ωn, scenarios 1 & 2) (b) Welfare (ωn, scenarios 1 & 5)
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B Counterfactual 2: Sahelxit

CEDEAO experiences significant levels of violence, with a total of 18543 events originat-
ing from the zone, the vast majority of which (17083) affect the region itself. Table 144
summarizes the bilateral flows of violence related to the zone. Most incidents are con-
centrated along the borders between Mali and Burkina Faso, as well as Mali and Niger.
Notable hotspots of violence are also observed in Nigeria, Sierra Leone, and Liberia. The
zone hosts two of the most violent origins in our sample: the Kanuri ethnic group, in-
volved in 6166 events (4791 within CEDEAO) and the Masina ethnic group, responsible
for 5300 events (all within CEDEAO).

Table 144 – Summary of violence in CEDEAO region
Dest. → Sahelxit CEDEAO / Sahelexit Rest of Africa

Total violence
produced by origin

Origin ↓

Sahelxit 6313 (97.29%) 105 (1.62%) 71 (1.09%) 6489 (100%)
CEDEAO / Sahelxit 1079 (8.95%) 9586 (79.53%) 1389 (11.52%) 12054 (100%)
Rest of Africa 462 (0.67%) 44 (0.06%) 68190 (99.26%) 68696 (100%)
Note: This Table presents a summary of the violence occurring in the CEDEAO region, considering three blocs of actors:
armed groups located in the Sahelxit region (col. 2), armed groups located in the CEDEAO region after the Sahelxit
(col. 3), and armed groups located in the rest of Africa (col. 4). Percentages represent the number of events from a
specific origin×destination pair (e.g., Sahelxit actors attacking Sahelxit actors) relative to the total number of violent
events produced by the considered origin (e.g., Sahelxit actors).

Figure 146 – Income Loss and Violence after Sahelxit

(a) Change in income (b) Change in inward violence
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reports the % change in income. In panel (b), the y-axis reports the % change in inward
violence.
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Figure 147 – Reshuffling of Violence after Sahelxit

(a) Violence from the Rest of Sahelxit (b) Violence from the Rest of CEDEAO (c) Violence from the Rest of Africa
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Note: In all panels, the x-axis displays the trade share with Sahelxit (log scale). In panel (a), the y-axis reports the %
change in inward violence from the Rest of Sahelxit regions. In panel (b), the y-axis reports the % change in inward
violence from the Rest of CEDEAO regions. In panel (c), the y-axis reports the % change in inward violence from the
Rest of Africa.

63


	Abstract
	Introduction
	Theory
	Gravity of goods 
	Gravity of violence
	General equilibrium

	Empirical Gravity of Violence
	Data sources and construction
	Vectorization of georeferenced conflict events
	Econometric equation
	Results

	Model Inversion
	Counterfactual Simulation
	Methodology
	Destruction and security spillovers
	Welfare
	Factual equilibrium
	Counterfactual 1: A rise in the Kanuri region's productivity
	Counterfactual 2: Sahelxit

	Conclusion
	The appropriation game
	Derivation of the gravity of violence
	Equilibrium existence and uniqueness
	Supplementary material for section 4 (model inversion)
	Material for steps 1, 2 and 6
	Material for step 5: Gravity of trade flows in Africa
	Estimated parameters: summary

	Calibration of violence spillovers
	Calibration of the destruction spillover
	Calibration of the security spillover

	Pure Trade equilibrium
	Supplementary material for section 5 (counterfactuals)
	Counterfactual 1: productivity shock
	Counterfactual 2: Sahelxit




