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Abstract
The article introduces the All Minorities at Risk (AMAR) data, a sample of socially
recognized and salient ethnic groups. Fully coded for the forty core Minorities at
Risk variables, this AMAR sample provides researchers with data for empirical
analysis free from the selection issues known in the study of ethnic politics to date.
We describe the distinct selection issues motivating the coding of the data with an
emphasis on underexplored selection issues arising with truncation of ethnic group
data, especially when moving between levels of data. We then describe our sampling
technique and the resulting coded data. Next, we suggest some directions for the
future study of ethnicity and conflict using our bias-corrected data. Our preliminary
correlations suggest selection bias may have distorted our understanding about both
group and country correlates of ethnic violence.
Keywords
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Selection issues continue to bedevil empirical studies of the correlates of ethnic
identity. Building on the All Minorities at Risk (AMAR) population sampling frame
of socially recognized and salient ethnic majorities and minorities (Birnir et al.
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2015)—a comprehensive list of 1,202 ethnic groups, 911 more than the standard
Minorities at Risk (MAR) data set—this article introduces the AMAR sample data.
Fully coded for the forty core MAR variables, this sample allows researchers to
address a disturbing but ubiquitous form of selection bias.
In this article, we first review common selection concerns in the study of ethnic
conflict. We then describe an underexplored selection issue that arises with the
truncation of data and presents special problems when moving between group- and
country-level variables. We suggest that truncation is likely a common form of
selection issue across current collections of data on ethnic groups. Next, we
describe our sampling solution to selection issues in ethnic data and the resulting
AMAR sample data, Phase I. To illustrate problems resulting from selection bias
and to propose new directions for the future study of ethnicity using our biascorrected data, we provide descriptive statistics relying on the newly coded sample. This will allow us to better estimate overall group propensity for ethnic
violence and some of its commonly cited correlates including political, economic,
and cultural grievances and group concentration. Finally, we address the problem
of truncation in correlations between group conflict and country-level indicators
including wealth and ethnolinguistic fractionalization (ELF). Our first-cut correlations suggest that there is ample reason for researchers to reexamine the purported
correlates of ethnic conflict using our bias-corrected data.

Empirical Obstacles to Examining the Route to Ethnic War
In the study of ethnic conflict, selection issues are a recurring concern because the
principal data used for empirical analysis, thus far, are based on the selection of
groups that have already engaged with the state, as in the MAR data1 and more
recently, groups that are politically relevant, as in the ethnic power relations
(EPRs)2 data (Wimmer, Cederman, and Min 2009). Both data sets have been used
to reveal patterns of conflict. But researchers need to be concerned about their
sampling criterion and the conditions under which those patterns hold. Both sets of
data can be used to examine trajectories of groups that fit their respective selection
criteria. However, selection issues become problematic when we ask questions
about what makes an ethnic group prone to violent conflict since both samples are
selected on criteria that are likely to be correlated with a propensity for conflict. In
such cases, selection bias likely presents a fundamental problem for drawing either
descriptive or causal inferences from the data (Geddes 2003; Hug 2010; Shively,
2006; Weidman, 2016).

Established Selection Issues
There are many different types of selection biases and they cause distinct problems.
One problem is that independent of concerns about estimating relationships between
variables, much interest often centers on simple descriptive statistics about base
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rates in a population, which obviously cannot be estimated from a biased sample. It
is likely, therefore, that we know less than we think about the prevalence of outcomes such as ethnic conflict.
A second selection concern focuses on detecting relationships between variables.
As discussed extensively in the literature, when unrelated to the explanatory variable(s), selection on the dependent variable, possibly obscures a statistical effect
where there really is one (Geddes 2003; Hug 2013; Shively 2006).
A third selection concern is related to reporting bias. In many cases, random
reporting errors are merely noise. However, if some outcomes are systematically
more likely to be reported erroneously, it becomes a selection issue. This type of
reporting bias may affect both the magnitude and direction of a correlation between
an independent and a dependent variable (Hug 2010; Weidman 2016).

Truncation of Group Data
A special class of selection concerns is the problem of data that is truncated by the
units of analysis. In a systematically truncated data set, cases are dropped when their
value on the dependent variable is correlated with their value on the hypothesized
independent variable. Unlike instances of selection on the dependent variable, values in truncated data are included both where the outcome of interest occurs and
does not occur but for a biased set of units. Furthermore, the dependent variable is
not erroneously coded for some cases as in cases of reporting bias.
What is especially worrisome with ethnic data is that lacking a coherent sample
frame (Birnir et al. 2015), data collection projects could be systematically truncating
the data by being more attuned to more obscure ethnic groups in one country but less
so in another. Indeed, researchers have limited their selection of group-level data by
circumscribing the types of groups that are included, for example, by groups that are
politically mobilized, discriminated against, or politically relevant, without estimating the implications of these selection criteria limitations for their statistical
estimations.
For instance, if truncating ethnic data biases collections in favor of violent groups
because violent groups are more likely mobilized, one effect is likely akin to a
selection on the dependent variable, where we cannot get confident estimates of the
causes of violence. Indeed, Hug (2013) makes the case that contrary to the null
finding of Gurr and Moore (1997), grievances likely do affect group propensity for
rebellion but this correlation is obscured in the data because of selection issues.
The effects of data truncation are of special interest in this article because in data
on ethnic groups, this is likely a bigger problem than is reporting bias. Indeed,
exploring group violence, Fearon (2003) found little evidence of reporting bias in
the MAR data at least with respect to violent outcomes. Specifically, among the 539
groups not in MAR added by Fearon (2003), there were only eleven instances of
rebellion between 1945 and 1998.3 We are, therefore, confident that MAR captured
nearly all groups that were at risk. However, as shown in Figure 1, when comparing
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Figure 1. By country: Proportion of socially relevant groups in the All Minorities at Risk
sample frame but missing from the Minorities at Risk data.

MAR with the AMAR sample frame where groups were selected irrespective of any
political criteria (Birnir et al. 2015), a high percentage of socially relevant AMAR
groups is missing from the original MAR data, especially in some of the most
heterogeneous countries in the world.
Truncation and estimates of average propensities. One of the potential problems resulting from truncation of group data (possibly also a problem in data suffering from
reporting bias) that has not been widely explored in the literature is error in
inference when moving between levels of data. Despite receiving little attention,
this type of error is possibly a serious problem in the literature because many
studies use biased (by way of truncation) aggregated group-level statistics to show
correlations with a number of aggregate causal variables that do not vary within a
country.
Specifically, the problem is that because of truncation (which limits the number
of observations in the denominator), MAR and other data sets that select groups on
some limited criteria provide an incorrect estimate of average group propensity to
engage in outcomes such as violence, at levels more aggregated than the group, such
as the country. If this limited ethnic group information is then regressed on measures
that do not vary within the country but only between countries, the resulting association is not necessarily an accurate indicator of ethnic group propensity of engaging in
the outcome of interest in a given country when compared to other countries. Instead,
in many cases (at least where the total number of groups engaging in violence is high,
but the true group proportion engaging in this activity is low), we will see positive
correlations at the country level that henceforth have often been mistaken as indicators
of group-level propensity to engage in violence in any country.
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Table 1. Example: Truncation and Hidden Group Propensity for Violence.
Aggregate Measure of Violence in a Biased
Country
or Incomplete Sample of Groups
X
Y

25% (2/8)
50% (10/20)

Group Measure of Violence in a
Representtive or Complete Sample
of Groups
20% (2/10)
10% (10/100)

This problem is best demonstrated with an example, as illustrated in Table 1.
Suppose that in two countries X and Y, there live 10 and 100 groups, respectively.
Hypothetical-biased group-level data including information on all violent groups
and some peaceful groups contains information on eight groups from country X, two
of which are violent and information about twenty groups from country Y, ten of
which are violent. The aggregate country-level measure of group violence in countries X and Y would then show that 25 percent and 50 percent of groups engage in
violence, respectively.
Suppose now that we were to collect information on the remaining two groups in
country X and the remaining eighty groups in country Y and find that the remaining
groups in both countries are peaceful. Calculating the proportion of violent groups in
each country, we now find that 20 percent of all groups in country X engage in
violence while only 10 percent of all groups in country Y ever engage in any
violence. Consequently, while it is still true that country Y experiences greater levels
of violence than country X, it is also true that any one group in country Y is less
likely to engage in violence than is any one group in country X.
The problem of incorrect average propensities is not commonly discussed in the
literature on ethnic conflict even though biased group data are often used to make
inferences about group propensities. Consider examples of country-level measures
that in the literature have been associated with group propensity to engage in violence. These include ethnic fractionalization measures (Reagan and Norton 2005;
Olzak 2006; Taydas and Peksen 2013), measures of political institutions (Saideman
et al. 2002; Alonso and Ruiz-Rufino 2007), and measures of country-level development (Cetinyan 2002; Walter 2006). While inferences have been made from these
measures for group-level measures of violence, in all likelihood these studies are
really measuring country-level probabilities of outcomes.
Truncation and group-level correlates. The above example suggests that truncation of
group data may render estimates of average group-level propensities in association
with country-level variables suspect. Furthermore, Figure 1 suggests the truncation
of the MAR data is systematic with respect to at least group size and region. To
better understand how systematic truncation affects correlations between explanatory and outcome variables measured at the group-level and especially whether the
results of systematic truncation resemble results of systematic reporting bias, we
constructed a generic simulation. The simulation systematically truncates data to
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Figure 2. Shifts in coefficients from the true coefficient of 0 (center line) for systematic
symmetrical and asymmetrical truncation.

drop more observations where the outcome did not occur in ways that are also
related to the explanatory variable.
First, we create a data set with 1,000 observations. This data set has two variables,
Conflict and Risk. Conflict is a binary variable with half of the cases coded as 0 and half
as 1 (a mean of .5). Risk is normally distributed with a mean of 0 and a variance of 1. The
two variables are not correlated.4 In other words, both values of conflict are equally
distributed across values of the risk variable, and the regression coefficient associated
with the true value of the relationship between the two variables is approximately 0.
Next, we introduce systematic truncation that (a) increases in probability as the
value of Risk increases (or decreases depending on the simulation) and (b) increases
in probability when Conflict equals 0 versus when Conflict equals 1. For instance,
when we focus on truncation for positive values of Risk, the sampling algorithm will
drop more cases from the right tail of the Risk distribution when Conflict equals 0. In
that scenario, we see the distribution of Risk scores for Conflict ¼ 0 shifting slightly
left, and the distribution of Risk scores for Conflict ¼ 1 shifting slightly right. (For
graphs of the shifting distribution of Conflict values, see Online Appendix.) Among
the surviving cases, this induces a spurious positive relationship between Risk and
Conflict. The same effect happens in reverse when focusing on systematic truncation
for negative values of Risk.
Figure 2 demonstrates the shift in correlation coefficients between Risk and
Conflict from the true coefficient of 0 (center line) for 1,000 simulations each, where
the truncation systematically increased as values of Risk increased (right distribution) and where Risk decreased (left distribution) or occurred evenly across values of
Risk (middle distribution).
In sum, our simulation suggests that estimates in systematically truncated data likely
suffer from problems in estimating associations akin to problems in data with systematic
reporting errors. Judging by the simulation, truncation of data is, therefore, a significant
threat to the accuracy of inference using uncorrected data on ethnic groups.

The AMAR Data Sample
The primary objective of this article is to introduce our solution to the above problem
of truncation in available data on ethnic groups. This solution is the unbiased AMAR
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sample data that researchers can use to estimate the effect of ethnic group attributes
and activities on outcomes. To construct this new data sample, we build on the
population of socially relevant ethnic groups that Birnir et al. (2015) outlined in their
AMAR population sample frame. Importantly, while Birnir et al. (2015) supply the
list of the population of groups5 necessary to draw our unbiased sample, they do not
draw a sample or code any variables for analysis. In this article, we introduce the
coded sample variables along with the weights that researchers can use in their
analysis of group correlates.
Before discussing the construction of the sample, it is important to clarify
some terms:
 AMAR sample frame refers to the population of 1,202 socially relevant ethnic
majority and minority groups enumerated in Birnir et al. (2015).6 For sampling purposes, this sample frame is akin to a census of socially relevant
groups but does not contain any coded variables.7
 AMAR sample is the new bias-corrected data sample fully coded for all core
MAR variables that we introduce in this article. This AMAR sample combines the two sample segments of 291 MAR groups, and 74 selection bias
groups drawn from the NEW (not in MAR) part of the AMAR sample frame.
 MAR data refer to the 288 original MAR groups (counted as 291 groups in the
AMAR sample frame). In this article, MAR groups constitute sample segment
I of the new AMAR sample data introduced in this article. The original MAR
data were coded in four distinct phases. Researchers working with the data at
any given time are likely to use the current cases only. Therefore, we also
focus here on the core of cases that are current.
 NEW refers to the 911 ethnic groups not coded in MAR (sample frame 1,202
 291 MAR ¼ 911 NEW) but accounted for in the Birnir et al.’s (2015)
AMAR sample frame.
 Selection bias groups constitute AMAR sample segment II and are comprised
of seventy-four groups drawn from NEW and coded for all core MAR variables for the project presented in this article. So as not to replicate in the
selection bias sample segment the known regional and population biases in
MAR (see Figure 1), we used a three-tiered population strata of small,
medium, and large groups in each region to stratify NEW.8 Using this stratification, we then randomly drew a number of selection bias sample groups
from each stratum in concordance with the proportion of groups in that
stratum in NEW, for a total of 100 groups. Funding constraints limited the
coding of the total number of groups to 74. When compared to the known
proportions of groups across regions in NEW, the coded numbers of groups
are high from Asian and low from Europe. This known under- and overregional sampling is corrected by weighting as explained in the following
section on sample correction. (For tables showing the full distribution of cases
at each stage of sampling, see Online Appendix.)
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Figure 3. The All Minorities at Risk data sample.

Figure 3 illustrates inter alia where MAR and our seventy-four new selection bias
groups (together constituting the AMAR sample) fit into the AMAR sample frame
(Birnir et al. 2015),9 which in turn, is a subset of ethnic structure (Chandra and
Wilkinson 2008).10

Sample Correction
When two sample segments are analyzed together to produce descriptive or inferential statistics for the population parameter of interest, each sample segment (here
MAR and selection bias, alternatively males and females or any other category)
can be assigned weights according to their relative importance in the population,
when a pertinent sample frame is available. Weighting is common in survey
analysis, where sample segments often over- or underrepresent particular population segments (Kalton 1983; Kalton and Flores-Cervantes 2003; American
National Election Studies 2017; Chromy and Abeyasekera 2005; Stoop et al.
2010). We follow the common strategy of defining weights as the inversed sampling probability of an individual observation Wi ¼ p1 . Thus, sample weights are
inflation or deflation factors that allow a sample unit (a group from MAR or
selection bias) to represent the number of units in the AMAR sample frame that
are accounted for by the sample unit to which the weight is assigned.
Furthermore, because individual observations in each sample segment (MAR or
selection bias) and within each stratum in the selection bias segment (population and
region) have unequal probabilities of being selected into the sample, our weights
i
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account separately for the probability of individual selection in each sample segment
and when relevant in each stratum. In sum, therefore, the weight for each observation is defined as the inverse sampling probability of an individual observation
P
Wi ¼ Nin, where n ¼ ji¼1 ¼ ni ¼ total sample size. Ni is the population size of
P
stratum i, i ¼ 1, 2, 3, . . . , j, and N ji¼1 ¼ Ni ¼ the total population size. Specifically,
because included MAR groups represent the full list of current MAR in the AMAR
sample frame (population), each MAR group represents one group from the MAR
segment of the population WiðMAR¼1Þ ¼ 291
291. The inverse sampling probability for all
MAR cases is, therefore, 1. To compare, because selection bias groups are sampled
from the NEW part of the AMAR sample frame, the weights for each observation in
the selection bias sample segment differ according to the regional and population
strata from which the observation was randomly drawn. For example, there are 147
groups in the population stratum of groups accounting for under 2 percent of a
country’s population in Sub-Saharan Africa. Fifteen selection bias groups were randomly drawn and coded from this particular stratum. Consequently, the inverse sampling probability weight of each selection bias group from this stratum is
WiðSSA<2%¼1Þ ¼ 147
15 . (For additional details on weighting, see Online Appendix.)
The obvious question is how well the weighted sample captures reality, assuming
the sample frame is reasonably accurate. To explore this issue, we collected every
group’s numerical proportion (gpro) of the population for the entire AMAR sample
frame (i.e., the entire set of 1,202 groups). Thus, we can calculate the true average
group proportion in the sample frame. For example, in the following analysis, we
focus on political minorities, excluding politically dominant groups11 where there is
a single dominant group in a country. Excluding sole politically dominant groups
(which leaves 1,085 groups), the average population proportion of socially relevant
groups is 6.70 percent. In the MAR data, the average group proportion of the
population excluding dominant groups in countries where there is a single dominant
group is 11.2 percent. In contrast, the weighted estimate of minority group proportion in the AMAR sample is 7.6 percent, which approximates the full set of cases.12

The Data
In sum, the new data presented in this article consists of three parts, the first two
comprise the AMAR sample data, sample segments I and II. The first of these,
sample segment I, is the integrated and cleaned classic MAR data. Sample segment
II is the seventy-four selection bias groups randomly selected in a stratified sample
from the NEW part of the AMAR sample frame. These are fully coded for all current
MAR variables and integrated with the original MAR data along with inverse
probability weights for each sample segment. The third part of the data is the coding
of classificatory and analytical variables for the entire AMAR sample frame to
facilitate further examination of selection issues and to allow researchers to move
between data sets. We discuss each in turn below.
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Original MAR Integration
In 2006, after a review of the approximately 400 variables that had been part of the
various phases of the MAR project since its inception in the 1980s, a total of 71
variables were selected as being core variables for Phase V of the MAR data
collection. Of the core variables, some were then reformulated to facilitate either
collection or statistical analysis of the data. While this review and reformulation
brought the data in line with current research interests in the field, the variables that
were reformulated for Phase V data were not reconciled with earlier phases. Consequently, for the reformulated variables, the two parts of the data (before and after
2004) could not be used together. As a part of the AMAR project, we reconciled
most of the reformulated variables from the various phases of the MAR data collection into one data-set, creating variables that are continuously coded across the
distinct phases of the MAR project.
In addition, as a part of AMAR Phase I, we systematized and integrated extant
community input into the MAR data that was accumulated over the past two
decades. The community input we incorporated is of two kinds. The first consists
of recode requests documented over many years, and the second are discrete variables that were coded and/or updated by scholars who were intimately familiar with
the project and undertook independent data collections in line with MAR protocols.
All of this work is detailed in the new codebook accompanying the data, including
also the code for reconciliation of the various MAR Phases.

The Seventy-four Selection Bias Groups Coded for All Core MAR Variables
As noted, 74 groups out of the over 900 NEW AMAR groups not in MAR were
randomly selected and coded annually from 1980 to 2006 for 40 of the most commonly used variables in the MAR data. For a list of the groups, see Online Appendix
Table A6.
The coded variables are of four types and fully described in the AMAR Phase I
codebook. The first category is a suite of group characteristics including group
identity and group concentration. The second category is a group status suite including variables accounting for autonomy and group grievances. The third suite of
variables accounts for external support by state and nonstate actors. The fourth suite
accounts for group conflict behavior and state repression. For a brief description of
the variables, see Online Appendix Table A6. Detailed information is also included
in the new AMAR Phase I codebook.

AMAR Sample Frame Variables Coded
The final data contribution of this project consists of new AMAR variables that we
coded for the entire AMAR sample frame of 1,202 groups. These are of three kinds.
The first set identifies the group and consists of variables already present in the

Birnir et al.

213

MAR data that were expanded to account for all AMAR groups, such as group
proportion of the population. The second set of variables is classificatory, including
group identifiers. The third set of AMAR variables is functional and is intended to
facilitate further analysis of the sample in relation to the sample frame and to
encourage analysis using data across data sets. Specifically, to this end, we have
included variables that link the AMAR data with the EPR (Wimmer et al. 2009) and
earlier data collections by Fearon (2003) and Alesina et al. (2003). For a brief
description of these variables, see Online Appendix Table A8.

Future Directions for Research: Frequency and Causes of
Ethnic Rebellion
Until now, we have not had a good idea of either the frequency of ethnic violence
against the state or its reported causes because we lacked a representative sample of
ethnic groups to study. Having such a coded sample, we are now able to demonstrate
descriptively that previous answers have been systematically biased. Indeed, the
problem of truncation hiding true group propensity by systematically reducing the
number of certain groups in the denominator and the sensitivity of coefficients and
standard errors in the simulation using truncated data both indicate there is good
reason to revisit purported correlates of ethnic politics. Here we suggest some
directions forward that can hopefully motivate future research.

Frequency of Ethnic Rebellion
Table 2 compares the frequency of ethnic minority violence as recorded in the
uncorrected MAR sample segment (first column) to (second column) the corrected
weighted AMAR sample data (including the weighted MAR and selection bias
segments). The variables listed are any rebellion13 against the state (coded as 1 if
the group has engaged in any rebellion against the state since 1945 or 1980 and 0
otherwise), high levels of rebellion against the state (coded as 1 if the group has
engaged in small scale guerrilla activity with a coding of 4 or greater for level of
rebellion since 1945 or 1980 and 0 otherwise), the average level of group violence
since 1945 or since 1980, and the highest level of ethnic violence by the group since
1945 or since 1980.
The more representative AMAR sample (excluding dominant ethnic groups that
control the government and are considered to be the state from calculations of
minority rebellion against the state) shows that ethnic group rebellion against the
state is far rarer than what one would infer from the truncated MAR data. Specifically, when coded as a binary variable to account for any instances of rebellion
(including all types of rebellion from the lowest level to ethnic war), the MAR data
suggest that two-thirds of all minority groups have at some point since 1945 engaged
in violence against the state. In contrast, the weighted average rebellion in the
AMAR sample suggests that this number is far lower, at 29 percent of all widely
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Table 2. Comparing the Share of Groups That Have Engaged in Violence Against the State,
MAR, and the Weighted AMAR Sample (MAR þ Selection Bias Weighted).

Variable
Proportion of groups engaging in any
rebellion since 1945a
Proportion of groups engaging in any
rebellion since 1980b
Proportion of groups engaging in high
levels of rebellion (4 or higher) since
1945a
Proportion of groups engaging in high
levels of rebellion (4 or higher) since
1980b
Average magnitude of rebellion since
1945a
Average magnitude of rebellion since
1980b
Average maximum level of rebellion
since 1945a
Average maximum level of rebellion
since 1980b

Group Violence Group Violence Against the State
Against the State AMAR Weighted Sample (MAR þ
Selection Bias Weighted)
MAR Only
0.617

0.288

0.579

0.277

0.354

0.165

0.314

0.154

0.818

0.267

0.837

0.272

2.645

1.164

2.328

1.077

Note: Information on rebellion is available for all groups in the data. The number of observations is,
therefore, determined as follows. The cross-sectional AMAR sample data include 288 MAR groups and 74
selection bias groups, for a total of 362 groups. Three MAR groups and 8 selection bias groups are
politically dominant, leaving 285 and 66 groups for analysis of nondominant groups respectively, a total of
351 AMAR groups. (For a definition of politically dominant, see note 11.) In analysis of groups from 1980,
2 MAR groups exit the sample leaving 283 groups and 349 observations in the AMAR sample. The AMAR
sample is weighted. Population data for a stratified weight for one selection bias group is not available. The
total size of the AMAR sample of nonpolitically dominant groups therefore is 350 for averages from 1945
and 348 for averages since 1980. AMAR ¼ All Minorities at Risk; MAR ¼ Minorities at Risk.
a
Number of observations 285 (MAR) and 350 (AMAR sample).
b
Number of observations 283 (MAR) and 348 (AMAR sample).

recognized groups having ever engaged in rebellion against the state. The MAR data
suggest that well over a third of all ethnic groups have engaged in high levels of
ethnic rebellion whereas the corrected AMAR data suggest that number is below 17
percent. The MAR data suggest that the average magnitude of rebellion is low, with
the vast majority of groups that do engage in rebellion only perpetrating very low
levels of violence. The AMAR sample suggests that the average magnitude of
rebellion is lower still. The same is true for average group maximum levels of
rebellion: the AMAR sample averages are less than half of MAR averages.
Ethnic contentious outcomes are only a few of the variables coded in the AMAR
sample. The core MAR variables thought to influence ethnic behavior are also
coded. In the literature, some of the more prominent purported causes of ethnic
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Table 3. Comparing the Average Grievances and Group Concentration of Groups in MAR
and the Weighted AMAR Sample (MAR þ Selection Bias).
Variable
Political Grievance (0–3)a
Economic Grievances (0–2)a
Cultural Grievances (0–2)a
Group Concentration (0–3)b

Averages
MAR Only

Averages AMAR Sample
(MAR þ Selection Bias Weighted)

1.623
1.287
1.204
2.066

0.767
0.577
0.543
2.184

Note: Information on grievances is coded for 283 nonpolitically dominant MAR groups decreasing the
total number of observations to 283 and 348 for MAR and the AMAR sample, respectively. Group
concentration measures are missing for seven selection bias groups decreasing the number of
observations for the AMAR sample from 350 to 343. AMAR ¼ All Minorities at Risk; MAR ¼ Minorities at
Risk.
a
Number of observations 283 (MAR) and 348 (AMAR).
b
Number of observations 285 (MAR) and 343 (AMAR).

mobilization include ethnic group geographic concentration and grievances. Table 3
compares the average level of political, economic, and cultural grievances (Polgr,
Ecgr, and Culgr) expressed by an ethnic group as recorded in MAR and in the
weighted AMAR sample, respectively, in addition to group geographic concentration (Groupcon). The variables range from 0 constituting no grievance expressed and
groups that are widely dispersed to 2 or 3, denoting the most concentrated groups
and highest level of grievances expressed by the group.14 The table clearly shows
that when comparing MAR to the AMAR weighted sample (MAR þ selection bias,
weighted), the average level of grievances expressed is substantially lower than
previously thought across all grievance types, but groups tend to be more concentrated than previously thought.
In sum, our comparisons suggest that both the frequency of the combativeness of
ethnic groups and at least some of the causes thought to induce conflict are exaggerated in the literature to date as a result of selection issues—notably, the previously underexplored issue of truncation—in the uncorrected data set. While many
scholars assumed this to be the case, our AMAR sample data (MAR þ selection bias,
weighted) allow us to estimate the degree of bias in past reckonings and to better
estimate correct levels of conflict outcomes and their purported causes.

Correlates of Group-level Data
The simulation showed that systematic truncation of data renders estimates of coefficient and standard errors unreliable in ways that resemble problems demonstrably
associated with systematic errors in reporting and/or coding of the dependent variable. Specifically, if units with certain values on the outcome variable are systematically excluded (truncated) in relation to the explanatory variable, this would
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render suspect the purported relationships between any independent and dependent
variables in our data. To examine this problem with real data, Table 4 compares
simple correlations between the biased MAR group-level data and the corrected
weighted AMAR sample (MAR þ selection bias, weighted) for some commonly
hypothesized group-level correlates of ethnic minority rebellion. Specifically, we
ran bivariate regressions on cross-sectional group-level data, with standard errors
clustered at the country level. The regressions correlate political, economic, and
cultural grievances and a measure of group concentration to various measures of
violence. Table 4 substantiates the concern that researchers have incorrectly estimated relationships. Nearly all of the associations show a substantial difference in
the magnitudes of the effects estimated with the biased MAR sample as compared
with the weighted AMAR sample when group concentration, political, economic,
and cultural grievances are correlated with a set of rebellion measures. Furthermore,
in most of the MAR sample, neither economic grievances nor cultural grievances are
significantly correlated with outcomes whereas the corrected AMAR sample
demonstrates a significant correlation with both economic and cultural grievances
for all the rebellion measures. Group concentration, in turn, is not as clearly a
substantial driver of high-level conflict in the corrected sample as the original MAR
data would suggest. While the robustness of these suggested new relationships need
to be tested much more rigorously, the concern about truncation distorting relationships as suggested by the simulation is well founded.

Correlating Group- and Country-level Data
The simulation suggested that systematic truncation of data renders estimates of
relationships between suggested causal and outcome variables at the group level
unreliable. The above associations that juxtapose correlations between variables in
MAR group-level data with correlations in the corrected AMAR sample suggest this
is possibly a problem in extant analysis.
A separate problem resulting from truncation surfaces in analysis that combines
data at different levels where average propensities of disaggregated but truncated data
are correlated with aggregate-level data. In sum, truncation possibly hides true average
group propensities because it decreases the true number of groups in the denominator.
The concern raised in this article, therefore, is that of erroneous inferences from
country-level data correlated with truncated group-level data that is assumed to correctly represent country group average propensities. One such debated relationship is
the correlation between ethnic heterogeneity and minority rebellion against the state.
Ethnic diversity is often considered a country-level attribute associated with violence
and state deterioration (Chandra 2012). Following Fearon and Latin’s (2003) suggestion that ethnic fractionalization is not a reliable predictor of ethnic conflict, the
measure is often included as a control variable in studies of conflict. However, the
effect is sometimes shown to be positively and significantly related to conflict onset
(Taydas and Peksen 2013; Gates et al. 2016). Others suggest a positive association
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.162**
(.027)
.216**
(.027)
.044
(.041)
.002
(.053)

.343**
(.073)
.613**
(.098)
.232*
(.102)
.007
(.126)

0.828**
(.174)
1.131**
(.183)
0.166
(.242)
0.258
(.321)

.132**
(.028)
.181**
(.033)
.064
(.043)
.018
(.055)

.075*
(.035)
.255**
(.029)
.177**
(.056)
.174**
(.051)

Any
Rebellion
Since 1945
.088**
(.036)
.362**
(.063)
.288**
(.068)
.264**
(.066)

Average Magnitude
of Rebellion
Since 1945

0.291
(.197)
1.021**
(.163)
0.700**
(.234)
0.633**
(.221)

Max.
Rebellion
Since 1945

.048
(.033)
.146**
(.030)
.083*
(.037)
.065#
(.033)

Rebellion 4
or Over
Since 1945

AMAR Weighted Sample (MAR and Selection Bias Weighted)

Note: Standard errors are in brackets. AMAR ¼ All Minorities at Risk; MAR ¼ Minorities at Risk.
a
Number of observations 285 (MAR) and 343 (AMAR).
b
Number of observations 283 (MAR) and 348 (AMAR).
#
p < .10.
*p < .05.
**p < .01.

Cultural grievancesb

Economic grievancesb

Political grievancesb

Group concentrationa

Variable

Rebellion 4
Max.
Average Magnitude
Any
or Over
Rebellion
of Rebellion
Rebellion
Since 1945 Since 1945
Since 1945
Since 1945

MAR Only

Table 4. Reestimating Group-level Correlates of Conflict Onsets. Bivariate Regressions, Standard Errors Clustered on Country.
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Table 5. Comparing the Bivariate Association between Ethnic Fractionalization (ELF) and
Violence in MAR and the Weighted AMAR Sample.

Variable
Any rebellion since 1945
Average magnitude of
rebellion since 1945
Maximum level of rebellion
since 1945
Rebellion level 4 or greater
since 1945

The Correlation Between The Correlation Between Ethnic
Ethnic Heterogeneity (ELF) Heterogeneity (ELF) and Violence
AMAR Sample Weighted
and Violence MAR Only
0.407**
(.141)
0.724#
(.396)
2.687**
(.974)
0.406*
(.163)

.033
(.127)
.127
(.144)
.857
(.580)
.112
(.089)

Note: Standard errors are in brackets. ELF ¼ Ethnolinguistic Fractionalization; AMAR ¼ All Minorities at
Risk; MAR ¼ Minorities at Risk.
Number of observations 285 (MAR) and 350 (AMAR sample).
#p < .10.
*p < .05.
**p < .01.

between a fractionalization measure of politically relevant groups and civil conflict in
oil abundant countries (Wegenast and Basedau 2013).
In Table 5, we look at the simple bivariate regressions, with standard errors
clustered on country, between the measure of ELF (ELF is static at the country
level) and rebellion for MAR groups only. It is easy to see why the literature thus
far often associates ethnic heterogeneity with violence. The first column of Table 5
accounts for the substantial and significant association in the MAR data between
ELF and every indicator of rebellion. In contrast, the second column correlates
minority violence against the state with ELF in the weighted AMAR sample (MAR
þ selection bias, weighted). The magnitudes of every coefficient are drastically
reduced and none are significant.
Assertions about the detrimental effect of ethnic heterogeneity on group propensity to commit violence are, if these relationships hold up to econometric
scrutiny, substantially exaggerated. The reason for the difference between the
results obtained with the unweighted MAR data and the weighted AMAR sample
is likely that the truncation of the MAR data (or any other truncated group level
data) is systematically related to heterogeneity. Where there are more groups, more
are on average missed, especially if they are peaceful. Hence, the positive correlation between heterogeneity and conflict is likely correct at the country level.15
Countries with more groups may see violence more often. At the group level,
however, violence is not more likely because the high likelihood of violence in
the country is not a good predictor of any particular group involvement in violence,
especially when there are many groups.
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Another way to think about this is that because rebellious groups (that tend to
come from heterogeneous countries) are overrepresented in MAR, the first set of
correlations estimates the likelihood of rebellion occurring in a given country rather
than the association between heterogeneity and the likelihood of any group engaging
in rebellion. But now we add in the selection bias sample segment (in which there are
more peaceful groups often in high conflict heterogeneous countries) to the MAR
sample segment for the full AMAR sample. We then weight the groups in proportion
to their weight in the AMAR sample frame. And as we suspected, the correlation
between ethnic fragmentation, rebellion onset, and average rebellion that appears
present in MAR vanishes for all of our indicators.
Another well-known conundrum in the literature is the apparent relationship
between development and violence. Because rebellion is relatively more common
in the developing world, some hold that poverty causes rebellion. A common retort
is that groups need resources to rebel; thus, poor groups should be less likely to
engage in violence. We suspect that both perspectives are right. Poverty is likely a
grievance, but one that only a few groups can act upon. Thus, developing countries
should experience greater levels of violence overall (if only due to state weakness in
deterring rebellion), but fewer groups in any given developing country should have
the resources to rebel.
Consequently, we would expect a country-level association between poverty and
aggregate measures of rebellion. However, when accounting for the probability that
any particular group will rebel, we would expect this association to be reduced. To
examine this expectation, Table 6 shows Penn World Table’s measures of logged
gross domestic product per capita correlated (through bivariate regressions clustered
on country) with a number of measures of rebellion: whether a group has ever
engaged in rebellion, average levels of rebellion, maximum levels of group rebellion, and rebellion by groups engaged in high-level conflict only.
From these data, we see that the more limited MAR data account for something
akin to country-level characteristics of how often violence has occurred. This is
opposed to group-level propensities for groups engaging in violence. This suggests
that the occurrence of ethnic rebellion, average ethnic rebellion, and maximum
levels of violence are all negatively related to a country’s wealth. Overall, poorer
countries are more likely to experience rebellion. In contrast, the group-level AMAR
data, accurately accounting for group propensity to engage in violence, suggest that
very few poor groups have the opportunity to act upon their grievances. Thus, poorer
groups seem no more likely to be embroiled in a rebellion than are their counterparts
in wealthier countries. However, the correlations also suggest that when groups in
poor countries engage in violence, this violence is more likely to spiral into an allout war, possibly because once the resource costs of starting a rebellion have been
overcome, the opportunity costs associated with an all-out war are likely lower in a
poor country than in one that is rich. While the robustness of these correlations needs
to be subjected to further analysis, the reliance on country level analysis to estimate
group-level effects is clearly problematic with truncated data.
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Table 6. Comparing the Bivariate Associations between the Log of GDP Per Capita and
Violence in MAR and the Weighted AMAR Sample.

Variable
Any rebellion since 1945
Average magnitude of
rebellion since 1945
Maximum level of
rebellion since 1945
Rebellion level 4 or
greater

The Correlation Between
The Correlation Between
Log of GDP Per Capita and
Log of GDP Per Capita and
Violence AMAR Sample Weighted*
Violence MAR Only*
.077**
(.026)
.277**
(.072)
.839**
(.161)
.15**
(.026)

.007
(.026)
.050
(.031)
0.300*
(.116)
.052**
(.017)

Note: The numbers of observations in this analysis is restricted by availability of Penn World Tables data
on gross domestic product per capita. Standard errors are in brackets. Number of observations 260
(MAR) and 319 (AMAR sample). GDP ¼ gross domestic product; AMAR ¼ All Minorities at Risk; MAR ¼
Minorities at Risk.
#p < .10.
*p < .05.
**p < .01.

Discussion and Conclusions
This article introduces the AMAR sample data of socially recognized and salient
ethnic groups, fully coded for the forty most commonly used MAR variables. This
sample provides researchers with bias-corrected data for empirical analysis of the
correlates of ethnic politics. The data accompanying this article include the weights
to be used in the analysis and supporting materials that allow researchers to examine
for themselves the validity of the sample.
Our work to produce these data is motivated by ongoing concerns about selection
issues in the study of ethnic conflict. In particular, we highlight some underexplored
selection issues that arise with truncation of ethnic group data, especially when
moving between country- and group-level variables. The article described our sampling solution that resulted in the AMAR sample data Phase I.
With the new weighted sample, we provided illustrative correlations between
group violence and some prominent group-level and country-level variables that
have been proposed as causes of ethnic violence, including political, economic,
and cultural grievances, group concentration, wealth, and ELF. The first-cut
results suggest that selection bias may have distorted our estimates of the correlates of ethnic violence.
All of the above are only preliminary cross-sectional correlations that need to be
examined further and in longitudinal analysis. However, our probing of the data
suggests that when examining the group-level correlates of ethnic conflict and
especially when combining country- and group-level data, researchers would do
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well to work with an unbiased group-level sample to accurately reflect average
group-level propensities. Furthermore, because cross-level interactions may result
in divergent outcomes for different groups (as suggested by the debate in the literature on the relationship between wealth and rebellion), multilevel regression models might be a more appropriate tool for analysis of multilevel relationships. Space
constraints do not permit us to pursue that type of analysis here, but we suggest that
this is a fruitful venue for further study.
For sampling purposes and with respect to answering questions about the causes
of political mobilization and violence, we contend that the AMAR framework is a
substantial improvement over both MAR proper and other more recent collections.
For example, while EPR improves upon the original MAR, it is subject to the same
criticism regarding the limitations of the types of groups that are included. Thus,
while the EPR framework can be used to test theories about the trajectories of ethnic
groups that already are mobilized (or politically relevant), like MAR it cannot be
reliably used to identify the conditions under which groups become politically
relevant or targeted ab initio. The AMAR sample frame does not include any politically relevant criteria for inclusion of an ethnic group in the data. Consequently,
some of the ethnic groups in the AMAR sample data will be politically relevant and
some will not. This is especially important when attempting to sort out the effects of
variables related to the selection criteria of either MAR or EPR.
In conclusion, ethnic violence has and continues to cause a great deal of pain and
suffering; this much is true. The idea, however, that ethnic groups are inherently
violent and that ethnic heterogeneity is necessarily problematic for national peace is
not substantiated. There are many more peaceful ethnic groups in the world than there
are violent ones, and ethnic heterogeneity is not as clearly a factor in raising the
propensity for a minority group to rebel against its state as has been previously
estimated. We suggest in this article that one reason for misperceptions is the lack
of a representative sample of ethnic groups. In particular, we highlight problems in
inference when truncated group data are erroneously used to generalize about probable
group behavior. With the AMAR sample data correction, the research community can
now, with less worry about selection bias, set about to identify the causes of ethnic
violence, a phenomenon less ubiquitous than previously thought but no less terrifying.
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Notes
1. For a discussion of the selection bias in Minorities at Risk (MAR) data, see Fearon and
Laitin (1996, 1999, 2003), Fearon (2003), Öberg (2002), Hug (2003, 2013), Birnir (2007),
and Brancati (2006, 2009).
2. See Vogt et al. (2015) for a discussion specifically pertaining to the ethnic power relations
(EPR) dataset.
3. This low reporting bias was independently confirmed by Brancati (personal
conversation).
4. Setting the comparison up with respect to uncorrelated variables is a choice. We can show
the same instability when setting the variables to be correlated.
5. The total number of groups in the current All Minorities at Risk (AMAR) sample frame
differs from the total number listed in Birnir et al. 2015, which was 1,196, because six
new groups were added since the paper’s publication.
6. The AMAR sample frame includes groups over a certain population threshold and at a
certain level of aggregation. Therefore, the groups counted are not a comprehensive list of
all possible socially relevant ethnic groups but a reasonable minimum list of sizable and
nationally recognizable groups. In our review of the list, we became aware of several
other groups that were right at the population boundary for inclusion or whose population
numbers we could not verify for inclusion. Therefore, while prior work suggests it is
unlikely that AMAR has overcounted peaceful groups, it is possible that at the margins
AMAR undercounts peaceful groups because of errors in aggregating groups that should
be left disaggregated or exclusion of groups that really should be included separately in
the sample frame. The implications of such errors for our estimates of the frequency of
conflict would be to increase the weight of peaceful groups further. Proportionally, this
undercounting would, therefore, make the instances of ethnic rebellion against the state
even less common, reintroducing the bias that previous work has suffered from, though
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far less acutely. This suggests there is good reason to continue refining the sample frame
but raises no flags for the suggestive analysis that follows.
The AMAR selection criteria are compatible with the MAR criteria but more inclusive.
Specifically, (1) membership in the group is determined primarily by descent by both
members and nonmembers. (The group may be a caste determined by descent.); (2)
membership in the group is recognized and viewed as important by members and/or
nonmembers. The importance may be psychological, normative, and/or strategic; (3)
members share some distinguishing cultural features, such as common language, religion,
occupational niche, and customs; (4) one or more of these cultural features are either
practiced by a majority of the group or preserved and studied by a set of members who are
broadly respected by the wider membership for so doing; and (5) the group has at least
100,000 members or constitutes one percent of a country’s population.
Small groups are groups whose population constitutes less than or equal to 2 percent of a
country’s population, medium groups account for over 2 percent but less than or equal to
20 percent of a country’s population, and large groups number more than 20 percent of a
country’s population.
Birnir et al. follow Fearon (2006) in defining a socially relevant ethnic group according to
whether people notice and condition their actions on this group’s ethnic distinctions in
everyday life. Social (and political) identities, in turn, are subsets of all existing ethnic
structures. Importantly, social relevance of an identity does not refer to political mobilization and does not have inherent political connotations but only refers to the salience of
the identity in guiding an individual’s actions in her life.
Chandra and Wilkinson define ethnic structure as the distribution of descent-based attributes and, therefore, the sets of nominal identities that all individuals in a population
possess, whether they identify with them or not (2008:523)
Politically dominant refers to a group that consistently controls or is a senior partner in the
executive in democratic countries or the equivalent in authoritarian countries. We used
EPR coding for this information supplementing with country specific accounts where
EPR did not code these data.
We did the same calculation of weights including dominant groups (both sets of weights
are available with the data). We found that again the weighted AMAR sample did better
than the MAR data at estimating the average group size, with the weighted AMAR
sample returning an estimate of 13.6 percent compared to the true number in the sample
frame of 13 percent. In this instance, the average gpro of MAR groups counted in the
AMAR sample frame of 11.6 percent was closer to the true average likely because MAR
includes more large groups.
In MAR and AMAR, the original rebellion variable is coded on an ordinal seven-point scale
in addition to a coding of 0 when no rebellion is reported. A rebellion code of 1 indicates
political banditry, 2 ¼ campaigns of terrorism, 3 ¼ local rebellions, 4 ¼ small-scale
guerrilla activity, 5 ¼ intermediate guerrilla activity, 6 ¼ large-scale guerrilla activity, and
7 ¼ civil war. The code used to indicate there is no basis for judgment is 99.
For all grievance variables, a code of 0 indicates no grievance. The Polgr variable is
coded 1 when the group is focused on ending discrimination or creating or strengthening
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remedial policies, 2 ¼ creating or strengthening autonomous status, and 3 ¼ creating
separate state for group or change in borders. Ecgr and Culgr are coded as 1 when the
group is focused on ending discrimination and 2 when creating or strengthening remedial
policies. A Groupcon code of 0 indicates that the group is widely dispersed, 1 ¼ the group
is primarily urban or a minority who live in one region, 2 ¼ majority of group members
live in one region, and 3 ¼ group is concentrated in one region.
15. This problem is distinct from the more general problem with correlating violence with the
fractionalization index that even with full information on all groups, an absolute count of
violence (and/or number of groups engaged in violence) in country A may be higher than
the absolute count of violence (or groups engaged in violence) in country B, while any
given group in country A may still be less likely to engage in violence than any given
group in country B. The added complication with truncation is that the average group
propensity for violence is hidden whereas with full information it could be calculated to
theoretically show—for example—a negative association with group propensity and at
the same time a positive correlation with absolute occurrences of violence.
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Birnir, Jóhanna K., Jonathan Wilkenfeld, James D. Fearon, David D. Laitin, Ted R. Gurr,
Dawn Brancati, Stephen M. Saideman, Amy Pate, and Agatha S. Hultquist. 2015.
“Socially Relevant Ethnic Groups, Ethnic Structure, and AMAR.” Journal of Peace
Research 52 (1): 110-5.
Brancati, Dawn. 2006. “Decentralization: Fueling the Fire or Dampening the Flames of Ethnic
Conflict and Secessionism.” International Organization 60 (3): 651-85.
Brancati, Dawn. 2009. Peace by Design: Managing Intrastate Conflict through Decentralization. Oxford, UK: Oxford University Press.
Cetinyan, Rupen. 2002. “Ethnic Bargaining in the Shadow of Third-Party Intervention.”
International Organization 56 (3): 645-77.
Chandra, Kanchan. 2012. Constructivist Theories of Ethnic Politics. Oxford, UK: Oxford
University Press.

Birnir et al.

225

Chandra, Kanchan, and Steven Wilkinson. 2008. “Measuring the Effect of Ethnicity.” Comparative Political Studies 41 (4/5): 515-63.
Chromy James, R., and Savitri Abeyasekera. 2005. “Chapter XIX: Statistical Analysis of
Survey Data.” In Studies in Methods Household Sample Surveys in Developing and Transition Countries Section E: Analysis of Survey Data. Department of Economic and Social
Affairs Statistics Division. New York. https://unstats.un.org/unsd/hhsurveys/sectione_
new.htm (accessed July 9, 2017).
Fearon, James D. 2003. “Ethnic and Cultural Diversity by Country.” Journal of Economic
Growth 8 (2): 195-222.
Fearon, James D. 2006. “Ethnic Mobilization and Ethnic Violence.” In The Oxford Handbook
of Political Economy, edited by Donald A. Wittman and Barry R. Weingast. Oxford, UK:
Oxford University Press.
Fearon, James D., and David D. Laitin. 1996. “Explaining Interethnic Cooperation.”
American Political Science Review 90 (4): 715-35
Fearon, James D., and David D. Laitin. 1999. “Collaborative Project: ‘Minorities at Risk’
Data Base and Explaining Ethnic Violence.” Grants SES-9876477 and SES-9876530.
National Science Foundation. https://web.stanford.edu/group/ethnic/DLJFNSF.doc
(accessed July 8, 2017).
Fearon, James D., and David D. Laitin. 2003. “Ethnicity, Insurgency, and Civil War.”
American Political Science Review 97 (1): 75-90
Gates, Scott, Benjamin A. T. Graham, Lupu Yonatan, Strand Håvard, and Kaare W Strøm.
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Öberg, Magnus 2002. The Onset of Ethnic War as a Bargaining Process: Testing a Costly
Signaling Model. Uppsala: Uppsala University, Department of peace and Conflict
Research Report No. 6, Appendix 4.3, 115-123.
Olzak, Susan. 2006. The Global Dynamics of Race and Ethnic Mobilization. Stanford, CA:
Stanford University Press.

226

Journal of Conflict Resolution 62(1)

Reagan, Patrick M., and Daniel Norton. 2005. “Greed, Grievance, and Mobilization in Civil
Wars.” Journal of Conflict Resolution 49 (3): 319-36.
Saideman, Stephen M, David J. Lanoue, Michael Campenni, and Samuel Stanton. 2002.
“Democratization, Political Institutions, and Ethnic Conflict: A Pooled Time-series Analysis, 1985-1998.” Comparative Political Studies 35 (1): 103-29.
Shively, W. Phillips. 2006. “Case Selection: Insights from Rethinking Social Inquiry.” Political Analysis 4 (3): 344-47.
Stoop, Ineke, Jaak Billiet, Achim Koch, and Rory Fitzgerald. 2010. References, in Improving
Survey Response: Lessons Learned from the European Social Survey. Chichester, UK:
John Wiley.
Taydas, Zeynep, and Dursun Peksen. 2013. “Can States Buy Peace? Social Welfare Spending
and Civil Conflict.” Journal of Peace Research 49 (2): 273-87.
Vogt, Manuel, Nils-Christian Bormann, Seraina Regger, Lars-Erik Cederman, Philipp Hunziker, and Luc Girardin. 2015. “Integrating Data on Ethnicity, Geography, and Conflict:
The Ethnic Power Relations Data Set Family.” Journal of Conflict Resolution 59 (7):
1327-42.
Walter, Barbara F. 2006. “Information, Uncertainty, and the Decision to Secede.” International Organization 60 (1): 105-35.
Wegenast, Tim C., and Matthias Basedau. 2013. “Ethnic Fractionalization, Natural Resources
and Armed Conflict.” Conflict Management and Peace Science 31 (4): 432-57.
Weidman, Nils. 2016. “A Closer Look at Reporting Bias in Conflict Event Data.” American
Journal of Political Science 60 (1): 206-18.
Wimmer, Andreas, Lars-Erik Cederman, and Brian Min. 2009. “Ethnic Politics and Armed
Conflict. A Configurational Analysis of a New Global Dataset.” The American Sociological Review 74(2): 316-37.

