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We develop a computational model to explore how ethnic geography shapes the distribution of violence

in civil war. We seed the model with disaggregated data on ethnic settlement patterns in Afghanistan and

calibrate the model parameters to fit empirically observed locations of violence against civilians. Our simula-

tion suggests that (i) political actors are more likely to attack civilians in heterogeneous areas where members

of one ethnic group are exposed to members of a rival group; (ii) violence directed at civilians occurs with

greater frequency in locations where one political actor exercises hegemonic but incomplete territorial control

(relative to areas of complete or mixed control); and (iii) geographically concentrated ethnic minorities face a

higher risk of violence. � 2012 Wiley Periodicals, Inc. Complexity 17: 42–51, 2012
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INTRODUCTION

H
ow does ethnic geography, the spatial distribution of

individuals from nominally rival ethnic groups, shape

violence in civil war? The literature posits three con-

tradictory responses. Drawing on the concept of a security

dilemma, Melander contends that ethnic diversity, not

concentration, entails a higher risk of warfare given greater

first-strike advantages, when rival groups are interspersed

compared to when they are segregated [1]. In contrast,

Toft advances the notion that a concentrated ethnic group

is most prone to rebellion—the rationale being that geo-

graphic concentration increases territorial attachment and

facilitates group mobilization for conflict by alleviating

collective action problems, the latter finding supported by

Weidmann [2, 3]. And lying squarely in between these

poles, Lim et al. suggest that conflict is most likely to

occur in areas where group concentration is sufficiently

large to impose cultural norms but insufficiently large to

enable the formation of self-sufficient entities—the gray

area between concentration and mixing containing groups

of a given characteristic size [4], p 1542]. Related scholar-

ship examines the impact of territorial control on violence

and ethnic defection [5, 6], intrainsurgent rivalry and

fratricide as a motive for ethnic defection [7], how the
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political exclusion of powerful ethnic groups and their dis-

tance from the capital shapes territorial conflict [8,9], and

the effect of local population clusters on the location of

conflict events [10, 11].

OUR CONTRIBUTION
In line with the rich and rapidly developing literature on

geography and conflict, we subscribe to the view [12–15]

that the use of country aggregates, whether as proxies for

ethnicity or conflict, obscures space-varying factors at a

disaggregated or subnational level. Yet, in examining how

ethnic geography—the mixing or concentration of individ-

uals from nominally rival ethnic groups—shapes the distri-

bution of violence in civil war, our analysis departs from

this body of work in notable respects.

We model the relationship between ethnic geography and

violence at the subnational level paying particular attention

to how the distribution of ethnic groups shapes territorial

control, patterns of collaboration, and violence against civil-

ians. Such a mechanism either remains unaddressed [16–20,

but see 21] or relegated to the background [4] in previous,

otherwise noteworthy, computational frameworks. Accord-

ingly, in constructing and calibrating our model, we utilize

disaggregated data on the geographic location of ethnic

groups in Afghanistan and the location of violence.

Our approach goes further in two additional respects: we

conceive of ethnic geography as a multidimensional con-

cept, measured by exposure, fractionalization, and concen-

tration; and we assume that the weight placed on ethnicity,

as a core or defining identity, is endogenous to violence.

Rather than assume that every instance of violence is ethni-

cally motivated, individuals in our framework downplay or

elevate the salience of ethnicity based on the identity of

alleged parties to a homicide: the former when homicides

occur between coethnics and the latter when the parties

belong to nominally rival ethnic groups. By endogenizing

ethnicity as a function of whether homicides reveal ethnic

biases, we relax the assumption that individuals define

themselves primarily in ethnic terms, determined by the

configuration of groups and their access to power.

Our analysis proceeds in three stages. First, we seed

our model with disaggregated data on the ethnic geogra-

phy and population density of Afghanistan and calibrate

the model parameters to achieve a best fit with 2008–2009

Armed Conflict Location and Event Data (ACLED) on the

spatial distribution of violence against civilians [22].1 Next,

we utilize logistic regression to analyze data generated by

the calibrated model. Our findings suggest that (i) political

actors are more likely to attack civilians in heterogeneous

areas where members of one ethnic group are exposed to

members of a rival group; (ii) violence directed at civilians

occurs with greater frequency in locations where one po-

litical actor exercises hegemonic but incomplete territorial

control; and (iii) geographically concentrated ethnic

minorities face a higher risk of violence. In a final step, we

conduct counterfactual exercises to analyze how changes

in ethnic settlement patterns alter the distribution of vio-

lence. We turn next to a specification of our computational

framework.

MODELING IRREGULAR WARFARE
The model contains two agent types, civilians and political

actors, with simple attributes and behavioral rules local to

their environment. The model landscape consists of 3207

cells that reflect ethnic settlement patterns in Afghanistan,

based on data from the geo-referencing of ethnic groups

(GREG) project [23]). Each cell is inhabited by civilians

who belong to one of the following ethnic groups—Pash-

tun, Tajik, Hazara, Uzbek, and a residual ‘‘other’’ category.

The population of each cell is estimated by a geographic

information systems (GIS) raster dataset [24] with a scale

of 1:200. Two rival political actors—pro-Taliban forces and

pro-U.S.-led coalition forces—fight to expand territorial

control over the landscape. We assume that Pashtuns are

politically affiliated with pro-Taliban forces, whereas

Tajiks, Hazaras, and Uzbeks are affiliated with pro-U.S. led

coalition forces.

Each civilian is characterized by four core attributes: an

ethnic identity e denoting membership in and distance

between ethnic groups; ethnic salience s where ls denotes

the weight placed on ethnicity as a core or defining iden-

tity; a character c randomly distributed on the unit interval

to denote some arbitrary set of personal preferences; and

a propensity for risk taking r (Table1 for parameter

ranges). The degree of local rivalry between a given pair of

civilians is then based on interpersonal differences in eth-

nic identity and character—with the former outweighing

the latter as ethnic salience increases. The greater the

interpersonal distance, the higher the satisfaction derived

from the elimination of a rival. In addition to these attrib-

utes, civilians have a vision v, locally defined on a Moore

neighborhood, and a threshold for denunciation s.

Each political actor is defined by four core attributes:

military capacity m*; logistical capacity l*; the distance

from the current location to its stronghold d*; and vision

with radius v*. In line with Boulding’s loss-of-strength gra-

dient [25], we assume that military costs increase with the

distance to an actor’s stronghold, given logistical obstacles,

and the limited knowledge of the local populace and ter-

rain. The effect of d* nonetheless depends on the level of

logistical capacity; that is, actors with high capacity may

1Although the ACLED dataset relies only on secondary sour-

ces, primarily local and regional news sources, and covers

only a limited period of time in Afghanistan (January

2008–August 2009), it provides geo-referenced data on con-

flict events, including violence against civilians.
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more easily overcome logistical obstacles. Table 1 summa-

rizes model parameters and value ranges.

Sequence of Play
Play unfolds in two successive stages: control and vio-

lence.

Stage 1: Control

Two rival political actors compete for territorial control.

Each political actor is assigned a location to represent its

stronghold, as well as a random chance of being the first

mover. The probability of control this actor exercises over

a given cell is calculated as a function of military capacity

(m*), logistical capacity (l*), the distance to its stronghold

(d*), and the ethnic configuration of the location meas-

ured by the number of civilians from politically affiliated

(a) and unaffiliated (:a) ethnic groups, together with the

salience placed by group members on ethnicity (s). This

probability is given by

pðcontrolÞ ¼ 1� exp½�5ðm� � f � uÞ�

where f 5 l*/(l* 2 1) 1 d*/(1 2 l*) and u 5 0.5 1 (ls � ln(a 1

1) 2 ls � ln(:a 1 1))/k.2 Both f and u range from 0 to 1, with

higher values indicating higher probabilities of control. The

key intuition behind these equations is straightforward: the

value of f tends toward 1 as political actors possess high

logistical capacities and/or are in locations close to their

strongholds; the value of u approaches 1 as the number of

politically affiliated (or unaffiliated) civilians, with high lev-

els of ethnic salience, increases (or decreases).

We make the following simplifying assumptions in

stage 1: (i) the presence of friendly ethnic groups gives po-

litical actors a strategic advantage and lowers the cost of

territorial control; (ii) rival actors begin by controlling cells

within d* 5 1 and d* increases by 1 in each subsequent

round of play; and (iii) the military cost of control

increases as actors seek to capture cells further from their

strongholds. We run stage 1 until every cell is controlled

by a political actor, with the end result that zones (a col-

lection of contiguous cells within a grid of a given size) in

the landscape may be ‘‘jointly’’ controlled by both actors,

‘‘incompletely’’ controlled by either or ‘‘completely’’ con-

trolled by a single actor [Figure 1(C)]. After freezing the

scenario with respect to territorial control, the simulation

proceeds to the next stage.

Stage 2: Violence

Stage 2 is run for the requisite number of time steps (to

achieve similarity between the numbers of observed and

simulated locations of violence) with the following behav-

ioral rules for civilians and political actors.3

Civilian Behavior4

Civilians collaborate with political actors and denounce

their neighbors based on two simple rules. Initially, each

civilian counts the proportion of cells controlled by Tali-

ban pT and the proportion controlled by coalition forces

pC within v and collaborates with the dominant political

actor based on the following rule5:

Rule 1: Within v, if pT � 0.6, then collaborate with the

Taliban; if pC � 0.6, then collaborate with the coalition

forces; else remain neutral.

The second rule specifies the conditions under which a

civilian will denounce another civilian (a local rival) to the

political actor with whom she collaborates. We define

civilian i’s satisfaction derived from the elimination of a local

TABLE 1

Model Parameters

Agent-level parameters
c Character c � U [0, 1]
s Ethnic salience s � N [ls, r2

s ], ls [ [0, 1]
r Risk-taking propensity r � U [0, 1]
Group-level parameters
e Ethnic identity 0: Pashtun; 1: Hazara, Uzbek,

and Tajik; 0.5: Others
m* Military capacity m* [ [0, 1]
l* Logistic capacity l* [ [50, 100]
v* Vision (political actors) v* [ [0, 10]
v Vision (civilians) Moore neighborhood
Global parameters
s Denunciation threshold s [ [0, 1]
p Probability of

misperception
p [ [0, 1]

Logistic capacity (l*) ranges from 50 to 100 to denote the maximum
distance that a political actor can reach from its stronghold.

3To maximize the fit between simulated and observed loca-

tions of violence across model runs, we run stage 2 for a

total of five time steps.
4We apply insights from Kalyvas’ [10] theory of selective vio-

lence in modeling civilian behavior.
5Based on pT and pC we divide the territory under conten-

tion into five zones of control [10]: complete Taliban control

(0.8 < pT � 1), dominant Taliban control (0.6 � pT � 0.8),

mixed control (0.4 < pT or pC < 0.6), dominant coalition

control (0.6 � pC � 0.8), complete coalition control (0.8 <

pC � 1).

2We assume that d* � l*, that is, political actors cannot

control cells farther than their logistical capacity allows.

The maximum value of a and :a is limited to 100 with the

constant k set to 9.3 to ensure that u is close to 1 when ls
5 1, a 5 100, and :a 5 0 (or 0 when ls 5 1, a 5 0, and

:a 5 100).
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rival j by d 5 si | ei 2 ej | 1 (1 2 si) | ci 2 cj | or a convex

combination of the absolute values of the difference

between ethnic identities and characters. We define i’s

safety from retaliation by denouncer j’s family (r) as the

proportion of cells controlled by the political actor with

whom she collaborates within v. Net risk is defined as

1 2 (ri � r), the product of risk-taking propensity and

safety. A civilian’s utility from denouncing another civilian

is then given by:

uðdenounceÞ ¼ ½dþ ðri � rÞ � 1�

Rule 2: Within v, a civilian will denounce another civil-

ian iff u(denounce) > s.

Political Actor Behavior
When a denouncer is observed, political actors assassinate

him iff at least one civilian collaborates with the rival po-

litical actor within a locality:

Rule 3: Within v*, detect a denounced civilian and as-

sassinate her given the presence of an enemy collaborator.

Endogenizing Salience
In addition to the basic rules described above, we

endogenize ethnic salience as increasing (or decreasing)

with the proportion of cells that experience interethnic

pethnic or intraethnic p:ethnic violence within v. We also

include a parameter to reflect the possibility that civilians

mistakenly perceive interethnic (or intraethnic) violence as

intraethnic (or interethnic) with probability p. That is,

with probability 1� p : stþ1¼ min½st � ð1þ pethnic� p:ethnicÞ; 1�
with probability p : stþ1 ¼ min½st � :ð1þ p:ethnic � pethnicÞ; 1�

MODEL INITIALIZATION AND CALIBRATION
We calibrate our model in NetLogo (v. 4.0). Empirical data

on the observed locations of violence in Afghanistan—a

total of 379 geo-referenced events of violence against

FIGURE 1

Screenshots of the simulation process. (A) Distribution of ethnic groups (GREG), (B) model landscape at the outset, (C) territorial control at the end of
stage 1, and (D) violence locations at the end of stage 2. Note. In (D), the symbol X denotes the location of violence against civilians in 2008�2009
ACLED data. Red colors represent kernel density estimates of simulated locations of violence.
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civilians between January 2008 and August 2009—is

obtained from ACLED. Model calibration consists of the fol-

lowing steps: (i) 170 square grids are overlaid on the model

landscape with a resolution of 61.5 3 61.5 km (Figure 2)6;

(ii) we take the average number of violent locations within

each grid block from 300 independent model runs for the

set of parameter vectors {s, m*, l*, v*, p}; (iii) we normalize

this number to the total number of violent locations in all

grid blocks; (iv) we calculate the sum of squared differences

(SSD) between the normalized number of observed and

simulated locations of violence across the 170 grid blocks;

and (v) we repeat steps (ii)–(iv) for all possible parameter

vectors. We base our analysis on the vector that minimizes

SSD (the minimum value of SSD obtained in these experi-

ments is 0. 0231 and the maximum is 0.1042) and report

calibrated values of the five model parameters in Table2.7

The goodness-of-fit between the observed locations

and the simulated output based on binary indicators for

each grid block (which equal 1 if one or more violent loca-

tion is present and equal 0 otherwise) is 70.76%, which

could plausibly be improved with more refined measures

of Afghanistan’s ethnic geography.8 A ‘‘chance-adjusted’’

kappa index of 0.412 (p < 0.00) nonetheless indicates

‘‘moderate’’ agreement between the observed and predicted

locations of violence [Figure 1(D)].9

SIMULATION RESULTS
With confidence in our model’s predictive power, we fit a

logistic regression model to the simulated data. This

approach has two principal advantages. First, it enables us

to assess the effect of ‘‘territorial control,’’ a key intervening

variable linking ethnic geography to violence in the model.

Reliable information on territorial control is not readily

available in empirical data. Second, it permits us to com-

pare our baseline results to those derived from counterfac-

tual analyses in which the model’s ethnic geography is

altered.

Units of observations in our experiments consist of 170

square grids overlaid on the model landscape. We utilize a

dichotomous-dependent variable to denote whether a grid

block contains, on average, one or more locations of vio-

lence after 300 independent model runs (values less than

1 are rounded down to 0). Our first independent variable

(zone), also dichotomous, is coded 1 for grid blocks in

zones 2 and 4, zones in which we expect to observe the

highest levels of violence against civilians.10 Specifically,

zones 2 and 4 are defined as grid blocks where the per-

centage of cells controlled by one of the political actors is

between 20% and 40% or between 60% and 80%. Our sec-

ond independent variable (exposure) measures the extent

to which members of group X are exposed to members of

group Y [26], p 288] within a block. This measure ranges

from 0 to 1 and can be interpreted as the probability that

a randomly drawn X-member shares a Moore neighbor-

hood with a member of Y. Our third independent variable

6Our results might be sensitive to different sizes of grid

squares, which are used as our units of observations. Hence,

we assessed the robustness of our findings by reanalyzing

the results of simulation with two alternative resolutions of

square grid (73 3 73 km and 51 3 51 km). Our findings

are robust to changes in grid size.
7A smaller subset of 189 parameter vectors with SSD values

less than 0.025 produce a similar if not an equally good fit

to the empirical data, with the following characteristics: (i)

coalition forces possess higher military and logistical

capacities than the Taliban, given 0.6 � m* � 0.9 and 70 �
l* � 90; (ii) the Taliban has a higher vision than the coali-

tion forces, given 2.5 � v* � 3; (iii) s � N [0.3 � ls � 0.5,

0.15]—that is, on average civilians have a modest degree of

ethnic salience, with relatively large variation across indi-

viduals; and (iv) p � 0.2.
8The data in the Atlas Narodov Mira (ANM), which is the

source for the GREG project, were collected in the early

1960s. Nevertheless, the ANM is still considered one of the

most accurate descriptions of ethnic settlement patterns

available today.
9Kappa values below 0 represent poor agreement, 0–0.20

slight, 0.21–0.40 fair, 0.41–0.60 moderate, 0.61–0.80 sub-

stantial, and 0.81–1.00 almost perfect.

10The theory of selective violence in Kalyvas [10] predicts

that a political actor is most likely to resort to selective vio-

lence where each actor exercises dominant but incomplete

control (zones 2 and 4), whereas no selective violence is

likely in areas completely under one actor’s control (zones 1

and 5) or under equal control by both sides (zone 3).

FIGURE 2

Grid-based units of observation. Note. Grid blocks that cover the
boundaries of a country are merged with a neighboring block, if the
amount of overlap is less than 50%.
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(elf) is the level of ethnic fractionalization, or the probabil-

ity that two randomly selected civilians in each block will

not belong to the same ethnic group (either to X or to Y

alone), and ranges from 0 to 1. We also calculate two

indexes of spatial proximity (majcon and mincon) to cap-

ture the degree of ethnic concentration among members

of the ethnic majority and minority, respectively. Ranging

from 0 to 1, this index measures the average proximity

between members of the same ethnic group [26], p 295). It

approaches 1 as members of the same group live nearer to

one another within a block. As such, we utilize the four

indices to capture the impact that different dimensions of

ethnic geography-exposure, fractionalization, and concen-

tration-have on the location of violence. Lastly, we utilize

logged population size (lnpop) as a control variable.

TABLE 2

Calibrated Model Parameters

s Ethnic salience s � N [0.4, 0.15]
m* Military capacity 0.7: Taliban; 0.9: coalition forces
l* Logistic capacity 70: Taliban; 80: coalition forces
v* Vision (political actors) 3.0: Taliban; 2.5: coalition forces
p Probability of

misperception
0.1

Denunciation threshold (s) was held constant at 0.3 in all model
runs to achieve similarity between the numbers of observed and
simulated locations of violence. Setting s to different values pro-
duces either too many or too few locations of violence than
reported in the ACLED dataset.

TABLE 3

Logistic Analyses of Simulated Data

(1) (2)

Counterfactual
(Highly Segregated)

Counterfactual
(Partially Segregated)

Counterfactual
(Highly Mixed)

(3) (4) (5) (6) (7) (8)

Zone 2.203** 1.951** 0.113 20.222 3.487** 3.418** 5.601** 5.566**
(0.809) (0.697) (0.696) (0.811) (1.009) (0.999) (1.702) (1.829)
(0.006) (0.005) (0.871) (0.784) (0.001) (0.001) (0.001) (0.002)

Exposure 12.592* 5.572** 8.585** 4.725
(4.860) (1.914) 2.792 (4.435)
(0.010) (0.004) (0.002) (0.287)

Elf 6.325** 6.337** 9.321** 20.241
(2.229) (1.849) (2.811) (5.726)
(0.005) (0.001) (0.001) (0.966)

Majcon 22.208 21.129 20.359 22.429 25.637 28.002 210.337 29.331
(5.599) (4.964) (2.288) (2.285) (3.827) (4.273) (8.141) (6.288)
(0.693) (0.820) (0.875) (0.288) (0.141) (0.061) (0.204) (0.138)

Mincon 2.437** 1.967** 3.003** 2.032 0.926 2.050 25.352 27.964
(0.770) (0.745) (1.043) (1.275) (1.688) (1.795) (4.632) (4.330)
(0.002) (0.008) (0.004) (0.111) (0.583) (0.253) (0.248) (0.066)

Lnpop 4.101*** 4.000*** 2.999*** 3.357*** 4.572*** 4.602*** 9.889*** 9.777***
(0.894) (0.778) (0.524) (0.683) (0.854) (0.865) (2.810) (2.654)
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Constant 223.76*** 223.30*** 219.27*** 221.32*** 222.61*** 224.85*** 240.13** 236.89***
(4.446) (3.922) (3.057) (4.086) (4.496) (4.947) (12.355) (10.241)
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) (0.000)

N 170 170 170 170 170 170 170 170
Log-likelihood 237.619 238.924 236.693 232.238 238.849 237.662 214.519 215.007
Pseudo R2 0.6796 0.6685 0.6044 0.6524 0.6480 0.6588 0.8490 0.8439
Prob > v2 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0007 0.0016

Standard errors and p values in parentheses.
*p < 0.05 (two-tailed test).
**p < 0.01 (two-tailed test).
***p < 0.001 (two-tailed test).
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Results from models 1 and 2 (Table3) indicate that

areas with greater levels of ethnic exposure and fractional-

ization are more likely to experience violence. For changes

in exposure and elf from their 25th to 75th percentile val-

ues, the predicted probability of violence increases by an

average of 0.252 and 0.309, respectively, holding zone at 0

and all other variables at their means. Higher levels of eth-

nic minority concentration also increase the probability of

violence (p < 0.01). In model 1, a change in mincon from

its 25th to 75th percentile value results in a change of

0.113 in the predicted probability of violence, holding zone

at 0 and all other variables at their means. In addition, vi-

olence is more likely to occur in areas incompletely con-

trolled by political actors (zones 2 and 4) in comparison to

zones of mixed and complete control (zones 1, 3, and 5).

The probability of violence increases by 0.411 on average

as zone goes from 0 to 1, holding all other variables at

their means. The coefficients for ethnic majority concen-

tration (majcon) have negative signs but are not statisti-

cally significant in both models. These results are graphi-

cally displayed in Figure 3.

COUNTERFACTUAL ANALYSIS
Next, we conduct a set of counterfactual exercises to ana-

lyze how the spatial distribution of violence shifts with

changes in ethnic geography. To do so, we create three hy-

pothetical ethnic landscapes—highly segregated, partially

segregated, and highly mixed—while keeping the number

of ethnic groups and population density as constant

(Figure 4). We run our model on the three landscapes

using the same parameter values reported in Table 2.

FIGURE 3

Probability of violence. (A) Ethnic exposure, (B) ethnic fractionalization, (C) concentration of ethnic minority, and (D) zones of control. Note. The y-axis
represents the probability of violence. Vertical bars represent 95% confidence intervals.
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Again, results from the counterfactual experiments are

based on the average number of casualties within each

grid block taken from 300 independent model runs. Logis-

tic analyses of the simulated data, models 3–8, are

reported in Table 3.

Results from models 3 and 4 suggest that violence is

more likely to occur in areas with greater degrees of ethnic

exposure and fractionalization (elf) in a highly segregated

environment (p < 0.01 for both). The coefficients for eth-

nic minority concentration (mincon) also have positive

signs and are significant in model 3 (p < 0.01) alone. How-

ever, the coefficients for zones of incomplete control

(zone) lose their significance in both models 3 and 4, sug-

gesting that territorial control does not contribute to

greater probability of violence in an extremely segregated

environment. In a highly mixed environment, however, the

coefficients for zone assume significance (p < 0.01 in

models 7 and 8), with a unit change in zone increasing the

probability of violence by 0.033 on average, holding all

other variables at their means. The coefficients for expo-

sure, elf, and mincon, however, lose their significance in

both models 7 and 8, suggesting that territorial control

plays a more important, albeit modest, role than ‘‘ethnic

geography’’ when a high level of mixing occurs.

On the other hand, the effects of ethnic geography are

especially pronounced in a partially segregated environ-

ment. Figure 5 displays the probability of violence for

highly (model 3) and partially (model 5) segregated land-

scapes as a function of exposure. In both cases, the proba-

bility of violence increases with exposure (or fractionaliza-

tion) albeit far more significant in the partially segregated

environment. In model 5, the probability of violence

increases by 0.387 on average as exposure changes from its

25th to 75th percentile value, holding zone at 0 and other

variables at their means. The same change in exposure

increases the probability of violence by only 0.106 in

model 3.

CONCLUSIONS
How does ethnic geography shape violence in civil war?

Our simulation using Afghanistan’s ethnic landscape points

to the role of hegemonic but incomplete territorial control,

ethnic heterogeneity—higher degrees of ethnic fractionali-

zation or exposure—and the presence of concentrated eth-

nic minority as key explanatory factors. Yet, our counterfac-

tual experiments using stylized ethnic landscapes—highly

segregated, partially segregated, and highly mixed—suggest

a more nuanced perspective. A high level of ethnic segrega-

tion raises the importance of exposure, fractionalization,

and minority concentration as predictors of violence rela-

tive to territorial control, whereas the reverse appears to

hold given a high level of ethnic mixing. Our experiments

further indicate that the probability of violence against

civilians increases with ethnic exposure or fractionalization

far more significantly in a partially, relative to a fully segre-

gated environment. Surprisingly, we find little support for

the role of a concentrated ethnic majority in explaining the

incidence of violence, running against the grain of previous

findings [2, 3, 27]. Overall, our findings suggest that civil

war onset and violence during civil war are likely to be

associated with the spatial distribution of ethnic groups in

different ways. Although geographically concentrated ethnic

majority groups seem most prone to initiating conflict,

FIGURE 4

Counterfactual ethnic geography. (A) Highly segregated, (B) partially
segregated, and (C) highly mixed.
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actual violence during civil war appears more likely in eth-

nically diverse areas. As a plausible next step, the analysis

of multicountry data on ethnic geography and violence

could be used to assess the validity of these new findings.
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