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Abstract
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compositional factors—the size of each political body as well as the number and distribution of
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is accountable to compositional factors.
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Descriptive representation refers to a representational capacity deriving from shared identity and

shared life experience (Mansbridge, 1999). It is who political representatives are—their intrinsic

traits—that matters. Scholars debate how much impact this feature of representation has on legiti-

macy, trust, participation, political recruitment, social conflict, and public policy.1 We bracket these

issues in order to focus on the achievement of descriptive representation.

Extant work suggests a litany of reasons for why groups might be over- or under-represented.

Explanations center on constitutional structures (e.g., regime-type, federalism), electoral rules (e.g.,

officeholding laws, districting, electoral systems, quotas, reserved seats), informal institutions (e.g.,

party recruitment, the availability of candidates), and a host of societal factors (e.g., violence, social

exclusion, spatial segregation, poverty, inequality, economic development, political culture).2

Without dismissing these factors, we argue that much of the variability in representation is

compositional, a byproduct of the size of political bodies and the number and size of groups eligible for

representation in those bodies. Equitable representation is fostered by large bodies and homogeneous

populations. Failures of representation are likely when political bodies are small or populations are

heterogeneous.

We derive theoretical justification for this argument from the analytical expectation of repre-

sentation under a random sampling assumption. Empirically, we demonstrate that compositional

factors account for roughly half of the variability in descriptive representation across political bodies

and across countries (aggregating across bodies). We show that these effects hold across a variety of

offices (executives, cabinets, parliamentary party groups, upper and lower chambers of parliament,

and supreme courts), across major categories of identity (ethnic, linguistic, religious, gender, and the

intersection of ethnicity and gender), and in a wide variety of settings—in rich and poor societies,

1Recent surveys of this vast literature focus on women (Celis and Erzeel, 2020; Escobar-Lemmon and Taylor-Robinson,
2014; Paxton, Hughes, et al., 2020; Wängnerud, 2009), minorities (Bird, Saalfeld, et al., 2011; Lublin, 2014; Ruedin,
2020), or multiple domains (Hughes, 2013; Ruedin, 2013). Most studies indicate that descriptive representation is
consequential (Wängnerud, 2009), but see Homola (2019) and qualifications offered by Mackay (2008).
2See work cited in Footnote 1.
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in democracies and autocracies, in elective and appointive offices, and in all regions of the world.

Although the term is new, a number of prior studies explore compositional effects. Goodin (2004)

addresses the issue from a theoretical perspective. A suite of studies analyzes the empirical associ-

ation between local council size and female representation (Bingle, 2016; Bullock and MacManus,

1991; Kellogg, Gourrier, et al., 2019; Kjaer, Dittmar, et al., 2018; Kjaer and Elklit, 2014; Welch and

Karnig, 1979). A few studies focus on the association between the size of the national legislature

and female representation (Matland, 1998; Oakes and Almquist, 1993). One study addresses the

size and distribution of ethnic groups and its effect on their representation in national legislatures

(Ruedin, 2009).

Many of these studies suggest some role for compositional factors; however, results are not

especially strong or consistent. This may be a product of limited empirical domains, which mirror

limitations of the literature on descriptive representation at large. Studies of local government center

on one country (the United States). All studies (local or national) center on legislatures, leaving

aside other offices. Most studies focus on women, leaving aside identities that are harder to measure

and compare cross-nationally such as those grounded in race, ethnicity, religion, and language.

The present study offers an expansive approach to the study of descriptive representation. Orig-

inal coding incorporates over 50,000 political leaders serving in 1,503 political bodies across 156

countries. The identities of these leaders are compared with the population characteristics of each

country, gathered from surveys and censuses. The resulting index provides a summary measure of

how well each political body is achieving its representational function, a score that may be aggre-

gated across political bodies (e.g., executive, legislative, judicial), across social groups (as defined,

e.g., by gender, language, religion, ethnicity), and across countries. We believe that this empirical

approach holds promise for unifying a fertile but fragmented field of study.

Section (1) lays out our theoretical framework. In the sections that follow, we (2) introduce our
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data, (3) propose an all-purpose index for measuring descriptive representation and show how it

applies to countries around teh world, (4) test compositional factors in a multivariate analysis, (5)

explore implications of the theory, (6) test compositional effects across various dimensions of identity

(including the intersection of gender and ethnicity), (7) test compositional effects across varying

contexts, (8) model treatment assignment with instrumental variables, and (9) briefly discuss results

from additional robustness tests. A short conclusion summarizes the findings and reflects upon their

implications.

1 Coordination Problems

Descriptive representation occurs when the intrinsic traits of persons chosen for a political body

match those found in the population they are intended to represent. Although widely heralded, this

feat is rarely achieved. Most of the time, there is a significant shortfall, as extant studies (cited at

the outset) show and our research confirms.

One explanation for this shortfall arises from the representational act itself, which involves coor-

dinating across two levels. On one level are the social groups demanding representation, on the other,

the political bodies providing representation. Fitting these pieces together in the right proportion is

complicated even if there is political will to do so.

Imagine a game of musical chairs with millions of citizens and a few dozen chairs. Seats must

be apportioned so that traits among the seated reflect traits in the general population. If there are

fewer chairs than traits, the coordination problem is clearly unsolvable. Even if chairs out-number

traits it is a challenging task to align traits in their proper proportion. Note that errors may arise

in both directions: a trait may be under- or over-represented.

This fiddly task is rendered more difficult in a typical political setting. Here, we are likely to find

multiple bodies, each of different size, with different constituencies and different rules of selection—

some appointive, some elective, and among the latter, a variety of complex electoral rules.
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How should selectors coordinate their efforts? Should each advocate for their own group, or

should they support other groups—or only certain groups (dubbed “minorities”)? Note also that

group identities are likely to cross-cut, so there will be multiple dimensions of descriptive representa-

tion to juggle—ethnicity, gender, region, and so forth. Achieving representation along one dimension

may involve sacrifices along another.

Finally, one must recognize that descriptive traits are not the only criteria of relevance for a top

political job. Selectors must also consider ideology, experience, integrity, charisma, resources, and

past performance—any of which may take precedence.

Coordination challenges faced by descriptive representation are evidently immense. However, we

shall argue that much of the difficulty is contained in the core elements of the task: the composition of

society and the composition of a political body. As a society becomes more diverse or a political body

shrinks, obstacles to representation arise. In this respect, coordination problems are compositional.

We show that errors in this process (i.e., representational failures) bear close resemblance to errors

that arise when sampling randomly from a population. But first, we must define key terms and

establish the scope-conditions of our argument.

1.1 Terms and Scope-conditions

Representation refers to descriptive representation, as defined at the outset. A political body refers

to any organizational entity that is granted a formal or informal role in governance. Examples

include executives, cabinets, political parties, supreme courts, and legislatures. We assume that all

organizations playing an important political role also play a representational role, regardless of how

members of that body attain their position (Rehfeld, 2006). Leaders (aka elites or representatives)

are those chosen to serve on these political bodies. Selectors are those who select leaders.

Diversity refers to the number of social groups and their relative size. The more similar in size,

the greater the entropy across groups, which enhances diversity. The intuition is that a society with
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five equal-sized groups is more diverse than a society with one large group and four small groups.

Groups are defined by intrinsic traits such as ethnicity, race, caste, religion, language, gender,

sexuality, age, occupation, social class, education, or place of origin. Some of these identities are

more intrinsic than others and in this respect qualify more fully as descriptive traits. The important

point is that, relative to issue-positions and ideologies, they are categorical and fixed—in some cases,

descent-based (Chandra, 2006). Descriptive traits describe who a person is, following generally un-

derstood social categories. Of course, leaders may change their self-identity, alter their presentation

of self, or present themselves as a mixture of this and that. However, such subtleties are difficult to

communicate and may not be accepted by others. If cues are too subtle, representational bonds may

fray. Constituents may not feel represented by someone whose identity is difficult to define (Lemi,

2021). It follows that coordination problems associated with descriptive representation are centered

on selection; once leaders are selected, there is little room for adjustment. Likewise, there is little

room for compromise as descriptive traits are usually understood in a categorical fashion: a leader

is one of “us” or one of “them.”

By way of contrast, a leader’s ideology can be dialed up or dialed down; it can be framed in

various ways (e.g., as a mixture of this and that); and it can be adjusted over time in response

to events, new information, and changes in public opinion. Accordingly, coordination problems

associated with the representation of opinions and interests (”substantive” representation) do not

center exclusively on selection. Ex post responsiveness is equally important, if not more important.

With these important terms defined, we argue that coordination problems apply, in principle,

to any political body, any set of descriptive traits, and any political context, whether appointive

or elective, democratic or autocratic. (Coordination is invoked here in a general sense; we do not

propose a particular game-theoretic model, though such a model might be constructed.)

However, because coordination presents an obstacle to the realization of a given preference set,
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it is necessarily contingent upon that set of preferences. In particular, it matters whether a trait is

regarded by selectors as appropriate for public office. If considered inappropriate or undeserving,

this trait will not appear in representative bodies.

For example, we do not expect to find compositional effects across characteristics like education

because the latter is usually regarded as a requirement for public office; consequently, those without

education are likely to be excluded for reasons having nothing to do with compositional factors.

Likewise, there is little inclination to represent different age groups, and since age is correlated with

other valued traits such as experience, the young are unlikely to be well-represented. Again, com-

positional factors do not come into play (or only weakly), as discussed in Appendix I. Coordination

problems arise only where selectors desire to represent a trait in public offices. The preferences of

selectors thus impose an important scope-condition on our argument.

The resulting framework, summarized in Figure 1, suggests that preferences for representation

interact with compositional factors to generate a coordination problem. The resolution of this

problem determines the level of descriptive representation achieved for a given trait.

Preferences for representation

Compositional factors
Diversity

Number of traits
Entropy over trait distribution

Body size

Coordination Problem
(Approximated with
random sampling model)

Representation

Figure 1: A Compositional Model of Descriptive Representation
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1.2 Analogies

In this section, we discuss adjacent frameworks and their bearing on the present argument.

At first glance, coordination problems in representation appear to duplicate coordination prob-

lems in the marketplace, as understood through the storied model of supply and demand (Thweatt,

1983). Specifically, where demand for representation is met with an adequate supply of positions

representation is achieved. Where demand outstrips supply, representation falls short.

However, unlike an economic market one cannot assume that supply adjusts to demand—or, for

that matter, that demand adjusts to fit available supply. There is no pricing mechanism. Moreover,

both demand and supply are relatively fixed, or are determined by other factors and thus largely

unresponsive to representational needs. The market analogy is therefore strained.

A second analogy is provided by electoral systems. Early studies argued that multimember

districts provide more faithful representation than single-member districts (Lijphart, 2004). Later

studies pointed out that larger districts offer additional seats for larger parties, allowing them to

diversify their lists but also lowering the threshold for smaller parties—which, since they are small,

have little room to accommodate diversity (Lucardi and Micozzi, 2022; Matland and Taylor, 1997;

Moser, 2008).

For our purposes, the important point is that electoral districts are not political bodies. Because

a district has no formal or informal role in governance, it does not call forth the same pressure for

representation. No one is held responsible if a PR district fails to represent a constituency. It may not

even be something that people are aware of. By contrast, a political party is a highly salient political

body with important formal and informal duties. People take notice if a party is not representing

their social group. Accordingly, party magnitude (registering the size of parliamentary parties)

should be strongly associated with descriptive representation (Matland and Taylor, 1997)—which is

indeed what we find.
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1.3 A Random Sampling Model

Having reviewed various analogies for the coordination problems faced by descriptive representation

we return to the compositional framework depicted in Figure 1. Although the inputs and outputs

of this framework are transparent and measurable, mechanisms are opaque. We cannot directly

observe coordination. Helpfully, we can approximate it by examining how representation is affected

by compositional changes under certain assumptions.

In our model, intrinsic traits are chosen randomly from a population subject to conditions im-

posed by compositional factors. This setup allows us to hold background features constant while

zeroing in on factors of theoretical interest—the size of the political body and the number and size

of groups eligible for representation—which can be manipulated independently. In this fashion, sim-

ulations function as ersatz experiments that can be repeated infinitely and fine-tuned to test varying

doses and interactions among treatments (De Marchi, 2005).

Of course, this depends upon the plausibility of assumptions. Modeling selection as a random

draw from a population makes sense insofar as the items under consideration are understood as

traits (carried by representatives), not the representatives themselves (who are selected randomly

only in the rare case of sortition). The crucial assumption is that the relationship of theoretical

interest—between compositional factors and representation—plays out under conditions of random

selection much as it does in the real world. If the apparatus is realistic in this respect, it serves our

purpose.

The logic of sampling implies that the larger a sample, and the more homogeneous a population,

the more likely a given sample will accurately represent that population. Our model is designed to

explore this dynamic by quantifying precisely the ways in which representation responds to exogenous

changes in compositional factors.

The outcome of interest, Rb, is an index measuring how closely the distribution of a trait within a
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political body reflects the distribution of that trait in a population, the core idea behind descriptive

representation (Pitkin, 1967, Chapter 4). This is similar to the intuition behind measures of vote/seat

proportionality such as the Rose Index of Proportionality (Rose, 1984). Just as parties should receive

representation in accordance with their votes, groups should receive representation in accordance

with their numbers. Following this logic, and building on Ruedin (2009), our proposed index of

representation takes the following form:

Rb = 1− 1
2

K∑
k=1
|gpk
−Gbk

| (1)

where Rb is the degree of representation present in a particular political body, gPk
is group k’s share

of the population, GBk
is group k’s share of a political body, and K is the total number of groups

in the population. The functional form of Equation 1 is chosen so that the representation index is

bounded between 0 (no representation) and 1 (perfect alignment between the characteristics of a

political body and a population).

The expected value of this representational index is probed as three compositional factors change—

body size (nb), the number of groups in a society (K), and the relative size of those groups (gpk
),

which we defined as entropy. The expected representation under this random sampling process in

described in Proposition I (see Section A.II.1.13 in Appendix II for derivation).3

Proposition I. Under random sampling of citizens to bodies, expected representation is

E[Rb] = 1 + 1
nb

K∑
k=1

{
(1− gpk

)nb−bnbgpk
c × gbnbgpk

c+1
pk (bnbgpk

c+ 1)
(

nb

bnbgpk
c+ 1

)}
, (2)

where nb denotes the size of body b, gpk
denotes the fixed population share of group k,

(a
b

)
denotes

the binomial coefficient, aCb, and bac denotes the floor function (e.g., bringing 3.4 to 3).

3For confirmation of the formula for E[Rb] using Monte Carlo methods, see Figure A.II.7.
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Intuitively, E[Rb] represents the average representation score across myriad random draws with

a body of size nb and group population shares defined by the values of gpk
– in effect, the degree of

representation one would expect if representation was structured only by compositional factors.

This exercise is designed to capture overall representation, not the representation of particular

groups. Note also that a group may be over-represented in some draws and under-represented in

others. Our concern is with the average discrepancy across all of these draws (as opposed to the

discrepancy of the average).

The complex dynamics of Equation 2 may be visualized by placing each dimension along one edge

of a graph and observing how representation scores change as the parameters of these dimensions

change. In these stylized scenarios, we assume that all members of the political body are drawn

from a fixed population composed of one hundred persons. Since three explanatory elements are in

play, two diagrams are required.4

Figure 2: A model of representation. Color values indicate different levels of the expected value
of the representation index as outlined in Equation 2. Left: Expected representation index value
decreases as the number of groups increases, but increases as the body size grows. Right: Expected
representation index also gets smaller as the population entropy grows.

4Code for computing expected values used in these diagrams and throughout the paper is made available in Section
A.II.1.13.2 and in a R package available at github.com/URL-Omittted-To-Preserve-Anonymity.
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The left panel of Figure 2 focuses on body size and number of groups (of equivalent size). The

bottom row is yellow, signaling perfect representation when society is composed of a single group. If

all members of society are of Type A, all members of a political body drawn from that society must

also be of Type A. The far-right column is also yellow, signaling perfect representation when the

size of the political body equals the size of the population. If all members of society are included

in a political body, that body (effectively, a popular assembly) must achieve perfect representation.

Discrepancies increase as the number of groups increases or the body size shrinks, as depicted at the

top-left of the diagram, where the representation score goes to 0.

The right panel of Figure 2 focuses on body size, as previously, along with group entropy, defined

as

Entropy(gp1 , gp2 , ..., gpK ) = −
K∑

k=1
gpk

log(gpk
), (3)

where again gpk
represents the population share for group k. Entropy is bounded theoretically at 0,

where only one group is present in the population. Maximum entropy is achieved when all groups

are of equal size. This value is unbounded as it depends on the total number of groups in play—more

groups lead to higher values if all groups are of equal size.

For heuristic purposes, we limit our exercise to six groups (the median value of ethnic groups

in our global dataset, described below). With the number of groups held constant, we can observe

the impact of changes in their relative size. Entropy is low where there is extreme inequality, i.e.,

one group encompasses nearly the entire population. We draw different group share values (which

constitute a 6-dimensional simplex) from a Dirichlet distribution with the α parameters all set to

1 so that all group share combinations are equally likely. We then average across the randomness

inherent in this process of generating the group shares. For any body size (except where the size

of the body equals the size of the population), increasing entropy decreases representation. Again,

the upper left quadrant signals the point of worst representation—where body size is smallest and
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group entropy greatest.

This simulation exercise establishes a baseline for understanding the problem of coordination in

descriptive representation. In subsequent sections of the paper, we test these theoretical expectations.

It turns out that point estimates based on simulations are successful in explaining a good deal of

the variance in representation across the world, reinforcing our theoretical expectation that failures

in representation are often due to compositional factors.

2 Data Collection

Having examined our topic abstractly, we turn to the real world of representation. To do so, we

extend the Global Leadership Project (Gerring, Oncel, et al., 2019) with new coding focused on the

identities of leaders and a second round of data collection. Details about the recruitment of experts

and data collection are discussed in Appendix III. In this section, we explain the coding process and

discuss challenges posed by missingness and measurement error.

For each leader, country experts code gender (male or female),5 language (mother tongue),

religion (by birth), and ethnicity. The latter is understood as an uber-identity, describing the most

important cleavage existing in a country at a particular point in time—which might be defined

by race, religion, language, caste, region, cultural practices, or some combination of the foregoing.

(Several additional traits including age and education, which fall outside the scope-conditions of the

theory, are explored in Appendix I.)

In making coding decisions, country experts draw on a variety of sources including parliamentary

websites, Wikipedia entries, country-specific sources, and clues implicit in a leader’s name, place of

birth, and so forth. Coding thus rests largely on each leader’s presentation of self, their public

persona—presumably crafted for political purposes. Since representation is a public act, it is appro-

priate to focus on how leaders present themselves. Fortuitously, this information is usually readily

5At the time of data collection, few political leaders identified publicly as non-binary.
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accessible.

After compiling the data, we arrive at a total of 2 genders (male and female), 11 religions, 312

languages, and 1,009 ethnicities. (A complete list of categories is posted in Section A.III.1.18.)

To ascertain the size of each group in the general population we consult censuses or surveys for

each country. Only groups with more than 100,000 individuals or composing more than 1% of the

population are included. (Groups falling short of this threshold are removed from the analysis even

if they happen to achieve representation.)

Leaders are classified into seven political bodies: (a) executive (including all persons who per-

form an executive function such as president or prime minister, but not those whose role is purely

symbolic), (b) cabinet (with and without portfolio), (c) parliamentary party group, (d) upper cham-

ber of the legislature (if bicameral), (e) lower (or unicameral) chamber of legislature, (f) legislature

at-large (both upper and lower chambers), and (g) supreme (or constitutional) court.

Since these categories are partially overlapping leaders may belong to multiple political bodies,

which means that units of analysis are not entirely independent. Supplementary analyses employ

hierarchical bootstrap sampling to provide standard errors that account for the non-independence

of data points (see Section 9).

The resulting dataset, summarized in Table 1, incorporates 156 countries, two rounds of coding

(2010-2013 and 2017-2019), 1,334 social groups, 1,503 political bodies, and 51,408 leaders. Coverage

along these dimensions is more extensive than any comparable dataset, though limited to two points

in time.

Even so, coverage is uneven. Political bodies, the main units of analysis in the tests that follow,

are included only if 75% of their members are coded along the relevant social dimension. For a

core group of 120 countries, coverage is fairly strong across all dimensions; for other countries, only

one or two identities are successfully coded. There is also unevenness across rounds. Linguistic and
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religious identities are coded only in the first round, while upper chambers are coded only in the

second round.

To cope with problems of missingness, we take several steps to ensure that the main results are

robust. First, we replicate benchmark analyses with no threshold of inclusion: all political bodies for

which any members are coded (for the relevant social dimension) are included. Second, we replicate

benchmark analyses using datasets where missing values have been imputed. Third, we conduct

analyses limited to a single round, or a single dimension of social identity. Results from these tests

are very close to those obtained from the benchmark sample, as reported in tables and figures to

follow.

Coverage Number of Groups or Bodies Number of Leaders Coded
———————— ———————— ————————

Countries (N) Rounds Total (N) Per country Total (N) Per country/round
Social groups 156 1,2 1334 16 51408 190

Ethnicity 152 1,2 1009 7 42413 164
Language 133 1 312 5 22674 112
Religion 107 1 11 5 12396 80
Gender 153 1,2 2 2 49745 188

Political bodies 156 1,2 1503 11 51408 190
Executive 156 1,2 156 1 431 2
Supreme court 125 1,2 125 1 2006 8
Party 109 1,2 895 10 35552 230
Cabinet 150 1,2 150 1 6023 27
Upper chamber 56 2 56 1 5346 57
Lower chamber 121 1,2 121 1 38882 222
Legislature (entire) 130 1,2 130 1 44228 279

Table 1: Descriptive statistics. Mean leaders per upper chamber calculated across those countries
that have upper chambers.

In addition to problems of missingness, we must consider potential measurement error. Highly

subjective features of human identity are sometimes difficult to define and to code. Reassuringly,

an intercoder reliability analysis shows a high level of agreement across expert coders (Section

A.III.1.17). Moreover, when the same leader appears in rounds 1 and 2, their ethnicity is coded

identically 97% of the time. This constitutes an informal inter-coder reliability test since most

countries are coded by different experts across rounds.
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Of course, one must also be concerned with the definition of social categories, which may be

aggregated in different ways. For example, religion may be classified with coarse categories (e.g.,

Christian) or differentiated categories (e.g., Protestant, Catholic, Orthodox). Additional complexi-

ties arise when one considers the intersection of multiple dimensions of identity.

We cannot test all possible measures of identity—an essentially infinite set. However, we do

explore different dimensions (gender, linguistic, religious, ethnic), one intersectional identity (eth-

nic+gender), and regions of the world with different identity configurations. We also conduct analyses

in which observed ethnic groups are combined in randomly chosen superordinate groups. Results

from all of these tests (described below) are robust, offering reassurance that our findings are not

hostage to arbitrary choices in categories or occasional measurement errors. Further reassurance is

offered by a convergent validity test that compares our country-level index of ethnic representation

with a comparable index from Ruedin (2009) (see Figure A.II.3).

3 An Index of Descriptive Representation

Having introduced our data, let us consider how it might be aggregated into an overall index of

representation, one suitable for comparisons across varied dimensions and contexts.

Traditionally, work on descriptive representation focuses on groups facing special discrimination

or economic hardship, for which the term minority is loosely employed. Unfortunately, exclusion

is not easy to measure, being a matter of degree and subject to differing perceptions. Moreover,

discrimination and economic hardship do not always overlap (groups may face discrimination despite

being relatively affluent) and are not always associated with relative size (belying the notion of an

oppressed “minority”). Finally, one must reckon with societies where groups are not clearly ranked

by social or socioeconomic status, a pattern common in sub-Saharan Africa. What does adequate

representation mean in these contexts?

To sidestep these obstacles, we accept the reality that groups may be defined in any number of
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ways—by ethnicity, gender, and so forth—and that these categories may be understood in different

ways and combined in various ways, generating intersectional categories.

However defined, we propose an encompassing approach to measurement. All members of society

must fit somewhere within the chosen dimension; they must count as members of some group when

calculating overall representation across that dimension. If ethnicity is the dimension of interest, for

example, all persons must be placed within an ethnic category, not just those deemed “minorities.”

Helpfully, representation is a zero-sum outcome: one group’s representation must be achieved at the

expense of another’s. If one ethnic group is over-represented, another must be under-represented.

Accordingly, we need not agonize over whom to identify as minorities and majorities or attempt to

ascertain which groups are subject to what degree of discrimination.

In aggregating across groups (along a single dimension) we employ the representation index

outlined in Equation 1, replacing theoretical quantities with their estimates from our data (i.e.,

distinguishing a stipulated number of group k politicians in the body with an estimate derived from

expert coders):

R̂b = 1− 1
2

K∑
k=1
|ĝpk
− Ĝbk

| (4)

where R̂b is the estimated degree of representation present in a particular political body, ĝPk
is the

estimate of group k’s share of the population from country-level sources, ĜBk
is the estimate of group

k’s share of a political body from our data, and K is the total number of groups in the population.

To illustrate the dynamics of Equation 4, imagine a society with three equal-sized groups (33%,

33%, 33%). At one extreme, each group achieves equal representation (33%, 33%, 33%), rendering

a representation score of 1.00, a perfectly proportional relationship between body and population

group shares. At the other extreme, all offices are controlled by individuals who are not members of

the population (0%, 0%, 0%), e.g., foreign colonizers or an occupying power. Here, the representation

score is precisely 0.
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Of course, few settings in the real world match these theoretical bounds. In a more typical

scenario, one group achieves twice the number of offices as the other two (50%, 25%, 25%), generating

a representation score of 0.83.

3.1 Country Scores

So measured, how does descriptive representation vary across countries? To answer this question, we

must aggregate representation scores across offices within each country (executive, parliamentary,

judicial) for each chosen dimension of social identity (gender, language, religion, ethnicity), and then

aggregate across those dimensions to obtain a summary score.

Since missingness across countries may introduce bias, we first impute missing values for political

bodies that are partially coded in rounds 1 or 2. Values are imputed by fitting a non-linear prediction

model for each variable and iteratively predicting missing values with that model until convergence

(Stekhoven, 2015). Background factors in the imputation stem include covariates from Model 4 in

Table 2. (Imputations for expected representation in Figure 3 are conducted separately.)

Table A.V.1 in Appendix II provides a complete list of countries and their representation scores

across all four dimensions, combining results for all (national) political bodies in each country. A sum-

mary score for each country is derived by averaging across the four dimensions—gender, language,

religion, and ethnicity. This analysis demonstrates that the highest levels of overall representation

in the twenty-first century are achieved in Poland, Iceland, Norway, Finland, and Denmark, while

the lowest levels are registered in United Arab Emirates, Solomon Islands, Indonesia, Congo (DRC),

and Central African Republic.

To demonstrate the contribution of compositional factors to these country-level results, Figure

3 plots observed values against values we would expect under conditions of random sampling given

the size of each political body and the number and relative size of social groups, as described by

Equation 4. Apparently, random sampling offers a very reasonable approximation of the selection
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process if compositional factors are taken into account (a point confirmed in the first analysis of

Table 2).
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Figure 3: The relationship between observed and expected representation, aggregated to the country
level. Missing representation values have been imputed to ensure comparability across country as
described in the main text. All countries are less representative than would be expected under the
random sampling assumption.

Note, however, that all data points fall below the diagonal line in Figure 3. This means that all

countries are less representative than they would be if the selection of political leaders were entirely

random. (The size of this representational gap is calculated for each country in Table A.V.1 in

Appendix II.) As we shall see, the fit is not substantially improved when institutional, sociological,

and economic factors are taken into account. One possible interpretation is that representational

shortfalls arise when a trait is deemed undesirable, a principal scope-condition of our theory.
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4 Main Tests

Having looked at representation in a descriptive fashion, we turn to a series of analyses that attempt

to probe the causal effect of compositional factors. Initial tests are shown in Table 2 (for descriptive

statistics, see Table A.II.1).

Model 1 replicates the bivariate scatterplot shown in Figure 3. Here, country-level representation

scores are regressed against those predicted by Equation 4 (in which leaders are chosen randomly,

taking into account the size of political bodies and the distribution of social groups). More formally,

we assume

R̂c = γ × E[R̂c] + εc, (5)

where c is a country index, as described in the previous section. When the γ coefficient in this

single-parameter model is greater than 1, observed representation will be on average higher than

expected under random sampling; when below 1 it is lower than expected. This bivariate model

explains over half of the variance in representation across countries.

In further analyses, the outcome is disaggregated. Rather than country-level scores, we look at the

representation score for each political body across each identity dimension (gender, language, religion,

ethnicity) and each round of data collection. An individual observation is therefore composed of a

political body, a social identity, and a coding round. For this purpose, we employ raw (unimputed)

data, with the provision that a political body is included if 75% of its members are coded across

a particular dimension of identity. The total size of the body is therefore defined as the number

of members whose identity is known. For example, if 90 members of a 100-member legislature are

coded for ethnicity, n=90.

While offering greater empirical leverage, this disaggregated approach is likely to increase stochas-

tic error. Numerous factors may affect the level of representation achieved for a particular political
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body along a particular dimension of social identity at a particular point in time. These stochastic

factors are minimized in country-level aggregate scores, as instances of over- and under-representation

cancel each other out. In body-level analyses, these stochastic factors remain.

Model 2 in Table 2 includes only the expected representation index, i.e., the prediction issued by

Equation 4 under conditions of random sampling and using the same structure as in Equation 5. This

bivariate model (no intercept) accounts for two-fifths of the variance. As expected, overall model

fit is attenuated relative to Model 1, which we attribute to increased stochastic error. However, the

point estimate for expected representation is nearly identical.

In further tests, we distinguish two compositional factors. The size of each political body is

understood as its membership, transformed by the natural logarithm (to account for the diminishing

marginal impact of larger membership). The dispersion of groups is measured with the Herfindahl in-

dex of fractionalization, which captures the probability that two randomly chosen individuals belong

to the same social group (calculated separately for gender, linguistic, religious, and ethnic groups).

Model 3, including only these variables, explains over two-fifths of the variability in representation.

Model 4 adds dummies for each social identity (ethnicity, religion, language, gender), for the

existence of a gender quota, for body type (executive, cabinet et al.), for the selection rule applicable

to that office (appointive, proportional, majoritarian, mixed, indirectly elected, other), for each round

of data collection (1 and 2), and for each country.

Model 5 drops country fixed effects in favor of country-level covariates. In choosing covariates,

we rely on extant work and our own hunches about factors that could plausibly affect representation.

Chosen covariates include the Lexical index of electoral democracy (Skaaning, Gerring, et al., 2015),

population (log), per capita GDP (log), and inequality, measured by the Gini coefficient of income

inequality (Solt, 2016).

Estimates for the two compositional factors are extremely close across Models 3-5, despite dra-
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matic changes in specification. Moreover, additional covariates scarcely improve model fit and also

generally exhibit small t-statistics (see Table A.IV.1), suggesting that they are relatively minor

influences on representation in this global sample.

Model 1 Model 2 Model 3 Model 4 Model 5
Expected representation 0.84 (87.42)∗ 0.85 (77.77)∗

Body size (log) 0.04 (12.71)∗ 0.05 (13.54)∗ 0.05 (11.89)∗

Fractionalization -0.67 (-21.68)∗ -0.62 (-12.29)∗ -0.65 (-19.08)∗

Continuous covariates
Lexical index 0.01 (3.02)∗

Population (log) 0.00 (-0.49)
GDP per capita (log) 0.01 (0.83)
Gini index 0.00 (-1.48)

Factor covariates
Identity X X
Body type X X
Gender quota type X X
Ethnicity quota type X X
Selection rule X X
Round X X
Country X
Intercept X X X

Other statistics
Countries 156 156 156 156 156
Observations 156 6461 6461 6461 6461
Adjusted R-squared 0.55 0.37 0.43 0.48 0.45
Unit of analysis C C-B-G C-B-G C-B-G C-B-G

Table 2: Main analysis. Outcome: levels of representation (where 1 = perfect representation) ,
measured across various identities – ethnicity, religion, language, and gender. Estimator: ordinary
least squares, t-statistics in parentheses, standard errors clustered by country. * denotes p < 0.05.
Missing values were imputed in Model 1 to ensure compatibility across country and standard errors
calculated via the country-level block bootstrap (with the missing data model re-fit on every bootstrap
draw); see main text. In the unit of analysis row, “C” denotes country, “G” denotes group, and “B”
denotes body. Full model results are given in Table A.IV.1.

As a further specification probe, we assess the out-of-sample predictive importance of right-side

predictors from Model 5 via Lasso (Zhao and Yu, 2006). This procedure imposes a penalty on

the absolute magnitude of coefficients, thereby setting some coefficients exactly to 0 unless they

meaningfully improve predictive out-of-sample performance (approximated by cross-validation). We

find that the regularizing Lasso model sets many of the model coefficients to exactly 0 but leaves as
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non-zero both body size and fractionalization, indicating that these quantities meaningfully improve

out-of-sample predictions (see Table A.II.10).

All of the available evidence suggests that a principal driver of representation is compositional:

larger bodies generate better representation, and more heterogeneous countries generate worse rep-

resentation. To get a sense of these effects, Figure 4 plots the expected values generated by the

benchmark specification (Model 3, Table 2). Across our sample, fractionalization has a slightly

steeper curve; nonetheless, a shift along the X axis from minimum to maximum values translates

into a substantial shift in representation for both regressors. Estimates are also precise, signaled by

the extremely tight confidence bounds around these estimates.
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Figure 4: Predicted representation index values based on Model 3 in Table 2 with 95% confi-
dence intervals. Mean/median/SD values across the sample: body size (35/6/123), fractionalization
(0.44/0.50/0.21). Above the x-axis labels for both plots, we display rug plots illustrating the empirical
density of datapoints in our sample.

5 Inside the Box

Having offered a parsimonious account of compositional effects, we are now in a position to disaggre-

gate the treatment, thereby shedding light on potential mechanisms and also on further implications
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of our theory.

Based on the idea that larger bodies provide better representation, we infer that the representa-

tional capacity of various bodies follows their size. In our sample, average membership is as follows:

executive (n=1-2), supreme court (n=10), parliamentary party (n=18), cabinet (n=24), upper house

(n=81), lower house (n=231). Accordingly, we expect the degree of representation to increase in a

monotonic fashion from the smallest body to the largest.

Entire (1) Parties Only (2) Entire (3) Entire (4)
Body size (log) 0.05 (12.30)∗ 0.05 (13.59)∗ 0.05 (13.90)∗

# of groups -0.01 (-2.92)∗

Group entropy -0.18 (-9.36)∗

Fractionalization -0.63 (-12.91)∗ -0.66 (-11.19)∗

Body indicators
Executive baseline (1-2) X
Supreme court (9) 0.03 (0.43)
Party (18) -0.07 (-1.39)
Cabinet (22) 0.05 (0.75)
Upper house (78) 0.04 (0.78)
Lower house (231) 0.05 (1.09)

Factor covariates
Identity X X X X
Body type X X
Gender quota type X X X X
Selection rule X X X
Round X X X X
Country X X X X

Other statistics
Countries 156 109 156 156
Observations 6461 4107 6461 6461
Adjusted R-squared 0.44 0.49 0.47 0.36

Table 3: Implications of the main analysis. Outcome: representation, measured for each identity
– ethnicity, religion, language, and gender. Higher values indicate better representation. Estimator:
ordinary least squares, t-statistics in parentheses, standard errors clustered by country. * denotes
p < 0.05. Full model results are given in Table A.IV.2.

To test this expectation, the first model in Table 3 regresses the representation index against

these body types (with executive as the excluded category) along with fixed effects for identity,

quota type, selection rule, round, and country. Results accord with theoretical expectations insofar

as larger bodies are generally more representative. The notable exception is parliamentary parties;
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however, the estimate is so imprecise as to be indistinguishable from zero. This is attributable to

high variance in the size of parliamentary party groups, which ranges from 1 to 2,421.

A better research design compares parties of different sizes to each other, thereby sidelining a

great many background factors that might serve as confounders. Following our theory, larger parties

should be more representative than smaller parties. Model 2 is therefore limited to parliamentary

party groups, along with the usual vector of controls (excluding selection rule, which is collinear with

country fixed effects). Coefficients for the compositional factors of theoretical interest are nearly

identical to that of the benchmark model in Table 2, confirming that parties follow the pattern

established for other political bodies.

Finally, our theory suggests that both the number of groups (log) and group entropy exert

independent effects on representation. In our benchmark specification, these are combined into a

single fractionalization measure. In Models 3 and 4 we differentiate these factors, tested separately

by virtue of their collinearity.

As expected, the number of groups and their entropy (similarity in size) both reduce represen-

tation. However, across our sample of real-world data, the relative size of groups seems to matter

more than their total number. While the number of groups has a great influence on expected rep-

resentation when there are few groups in question, there are diminishing returns so that, for most

of the groups in question, the relative population share explains more variation than group number

alone.

6 Dimensions of Identity

In this section, we explore compositional effects across different identity categories. To the four

familiar dimensions—ethnicity, religion, language, gender—we add a measure of intersectionality,

formed from the intersection of ethnicity and gender (following Weldon (2008)). There are of course

many other potential intersectionalities one might explore. However, since our construction of ethnic-
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ity aims to represent the most important cleavage in a society, and gender is orthogonal to ethnicity,

this seems a logical choice.

Density plots for these five dimensions of identity, displayed in Figure 5, show the empirical

distribution of representation scores across each dimension. The curves for language, ethnicity, and

religion are similar, with modes just below 1 (perfect representation) and long left tails. Evidently,

many political bodies achieve decent representation along these dimensions, while some are horribly

askew.

Gender has an accentuated mode at 0.5, marking the point where political bodies are dominated

by a single gender (male). The truncated left tail is a product of the distribution of gender in

populations across the world. Because men and women compose roughly half of the population

everywhere, the greatest possible violation of equal representation—i.e., the total exclusion of women

from public office—is not as extreme a violation as the total exclusion of a linguistic, religious, or

ethnic group comprising a super-majority. For example, the exclusion of blacks from representation

in Apartheid South Africa, where they composed roughly eighty percent of the population, would

render a lower representation score than the exclusion of women.

Among the four core dimensions of identity—gender, religion, language, ethnicity—the mean

values of representation, illustrated across the x-axis of Figure 5, are remarkably close. This is

surprising given their disparate histograms, their weak intercorrelations (see Figure A.1 and also

Ruedin (2010), and the disparate nature of these identities. One would have thought that some

identities would be better represented than others. Yet, we find almost no variation across the

sample means.

By contrast, the intersectional index has a lower mean, and wider dispersion, than other dimen-

sions of representation. A plausible explanation, consistent with our theory, is that the multiplication

of categories introduces greater social diversity, and with it additional coordination problems that
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translate into lower overall representation.

Figure 5: The shape of descriptive representation. Descriptive statistics (mean/median/SD):
ethnicity-gender intersection (0.45/0.47/0.23), gender (0.64/0.60/0.16), ethnicity (0.67/0.75/0.28),
language (0.70/0.81/0.29), religion (0.65/0.76/0.28). Group-level means are represented as tick
marks at the bottom of the figure.

For our purposes, the most important issue is whether compositional effects vary across different

dimensions of social identity. To assess this question, we replicate the benchmark specification (from

Table 2) across each dimension in Table 4. Samples are focused on ethnicity (Model 1), religion

(Model 2), language (Model 3), gender (Model 4), and intersectionality (Model 5).6

As one might expect, some differences in compositional effects appear across these five measures

of identity. These may be stochastic, or a product of varying samples. One must resist the temptation

to over-interpret small differences.

The varying precision of these estimates can be probed in our random sampling framework, fol-

lowing Section 1.3. This analysis, visualized in Figure A.II.1, explores the residual standard deviation
6To generate a measure of population fractionalization for the intersection of ethnicity and gender we adopt the
simplifying assumption that all ethnic groups are composed equally of men and women, allowing us to generate a
fractionalization index comparable to those for unidimensional identities.
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of the theoretical model,
√
E[(Rb − E[Rb])2], as we vary body size, group number, and group entropy.

We find that the residual standard deviation shrinks as the number of groups increases. This could

explain why compositional features are more precisely estimated for intersectional identities than for

other social identities (as captured by t-statistics across these models).

In any case, the main takeaway is that body size is always associated with increased represen-

tation, while fractionalization is always associated with reduced representation. Most estimates are

similar to the benchmark model in Table 2.

Of particular note are results contained in Model 1. Recall that ethnicity represents the most

salient cleavage in a country at the time the data was collected. This is of course a judgment, and

we must rely on our expert coders to perceive which dimensions are most important in a particular

context. Nonetheless, it suggests that compositional factors matter as much for the most important

cleavage as they do for other cleavages. These relationships are probed at greater length in Section

A.II.1.5.

Ethnicity (1) Religion (2) Language (3) Gender (4) Ethnicity+Gender (5)
Body size (log) 0.06 (8.50)∗ 0.02 (1.28) 0.05 (6.89)∗ 0.05 (14.49)∗ 0.08 (17.60)∗

Fractionalization -0.70 (-22.81)∗ -0.70 (-5.98)∗ -0.61 (-10.96)∗ -0.94 (-3.18)∗ -0.85 (-17.03)∗

Continuous covariates
Lexical index X X X X X
Population (log) X X X X X
GDP per capita (log) X X X X X
Gini index X X X X X

Factor covariates
Body type X X X X X
Gender quota type X X
Ethnicity quota type X X
Selection rule X X X X X
Round X X X

Other statistics
Countries 152 107 133 153 148
Observations 2019 845 1364 2233 1871
Adjusted R-squared 0.56 0.26 0.55 0.28 0.61

Table 4: Analysis by group identity. Outcome: representation index. Higher values indicate bet-
ter representation. Estimator: ordinary least squares, t-statistics in parentheses, standard errors
clustered by country. * denotes p < 0.05. Full model results are given in Table A.IV.3.
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7 Contexts

Having explored compositional effects across different identity categories, we now explore background

factors that might impact compositional effects on representation. To test potential moderators, the

full sample is divided into sub-samples according to the background factor of interest. Results of

these paired tests are shown in Tables 5 and 6.

First, we explore the nature of the office, categorized as elective (Model 1, Table 5) or unelected

(Model 2). The latter category includes supreme courts, cabinets, and a few parliamentary parties

where there is no apparent elective process. We find that effects persist across both samples, though

they are slightly weaker across unelective bodies.

Elected (1) Unelected (2) Dem. (3) Non-Dem. (4) R. 1 (5) R. 2 (6)
Body size (log) 0.04 (12.91)∗ 0.02 (3.93)∗ 0.04 (11.48)∗ 0.04 (8.26)∗ 0.05 (12.91)∗ 0.05 (14.92)∗

Fractionalization -0.69 (-17.29)∗ -0.60 (-18.88)∗ -0.64 (-13.90)∗ -0.72 (-15.95)∗ -0.72 (-20.96)∗ -0.68 (-19.99)∗

Continuous covariates
Lexical index X X X X
Population (log) X X X X X X
GDP per capita (log) X X X X X X
Gini index X X X X X X

Factor covariates
Identity X X X X X X
Body type X X X X X X
Gender quota type X X X X X X
Ethnicity quota type X X X X X X
Selection rule X X X X X X
Round X X X X

Other statistics
Countries 156 155 102 54 152 150
Observations 5176 1285 4934 1527 2313 1939
Adjusted R-squared 0.44 0.40 0.43 0.51 0.49 0.46

Table 5: Analysis in varying contexts. Outcome: representation, measured for each identity –
ethnicity, religion, language, and gender. Higher values indicate better representation. Estimator:
ordinary least squares, t-statistics in parentheses, standard errors clustered by country. * denotes
p < 0.05. Full model results are given in Table A.IV.4.

Second, we differentiate democracies (Model 3) and autocracies (Model 4). Democracies are

understood as polities with minimally competitive multiparty elections for the legislature and the

executive, operationalized as a score of 4-6 on the Lexical index (Skaaning, Gerring, et al., 2015).
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We find virtually no difference in estimates for our two variables of theoretical interest across these

sub-samples; compositional effects are equally strong in autocracies and democracies.

Third, we compare two periods in time corresponding to Round 1 (2010-13) and Round 2 (2017-

19) of the data collection process. To make this comparison exact, we include only representation by

ethnicity and gender, which were coded for both rounds. Changes in leadership and representation

between rounds scarcely affect estimates of compositional effects across the two samples, as shown

in Model 5 (Round 1) and Model 6 (Round 2).

OECD (1) Non-OECD (2) Americas (3) Asia (4) Europe (5) MENA (6)
Body size (log) 0.04 (6.73)∗ 0.04 (13.08)∗ 0.04 (6.72)∗ 0.03 (5.90)∗ 0.04 (6.29)∗ 0.05 (9.80)∗

Fractionalization -0.67 (-12.15)∗ -0.67 (-17.79)∗ -0.74 (-13.43)∗ -0.62 (-9.40)∗ -0.52 (-14.11)∗ -0.71 (-12.73)∗

Continuous covariates
Lexical index X X X X X X
Population (log) X X X X X X
GDP per capita (log) X X X X X X
Gini index X X X X X X

Factor covariates
Identity X X X X X X
Body type X X X X X X
Gender quota type X X X X X X
Ethnicity quota type X X X X X X
Selection rule X X X X X X
Round X X X X X X

Other statistics
Countries 36 120 25 29 38 58
Observations 1552 4909 1027 1341 1766 2088
Adjusted R-squared 0.48 0.43 0.47 0.44 0.40 0.50

Table 6: Heterogeneity analysis by region. Outcome: representation, measured for each identity –
ethnicity, religion, language, and gender. Higher values indicate better representation. Estimator:
ordinary least squares, t-statistics in parentheses, standard errors clustered by country. * denotes
p < 0.05. Full model results are given in Table A.IV.5.

Table 6 continues the exercise with another set of comparisons. First, we compare rich, industri-

alized countries with poorer, less developed countries. To differentiate the two groups, the sample

is divided into OECD countries (Model 1) and non-OECD countries (Model 2). (The Lexical index

is excluded from Model 1 as there is no variability in regime type within this sub-sample.) There

is little difference across these sub-samples, suggesting that compositional effects are not moderated

by economic development.
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Next, we compare various regions of the world: the Americas (Model 3), Asia (Model 4), Europe

(Model 5), and the Middle East and North Africa (Model 6). Again, coefficient estimates for the

variables of theoretical interest are stable.

8 Instrumental Variables

Neither of the key variables in this study is randomly assigned, so one must consider whether the

data-generating process might in some way confound estimates reported in previous tables. It is

possible, for example, that the degree of diversity in a country—or the degree of representation

achieved in a country—affects its institutions, including the size of political bodies. It is possible

that the degree of representation affects the definition of social groups in a society. It is even

possible that deep-seated social norms affect the shape of society, the shape of institutions, and the

representation of social groups.

We are at pains to work out all the possible ways in which confounders might affect the analyses

presented in previous tables—though we take some comfort in the stability of the results across

different specifications (which include controls for economic development, democracy, inequality,

and country fixed effects) as well as the theoretical derivations presented in Section 1. In this

section, we approach the challenge of causal identification with instruments.

In order to serve their intended function, the chosen instruments must be exogenous and must

affect the outcome only through the treatment variable. Because these assumptions are impossible

to prove, we regard estimates posted in Table 6 as robustness tests rather than baseline models.

As instruments for the size of political bodies, we employ political body types, categorized as

executive, upper house, or lower house in countries where membership to those bodies is determined

by voter input. (Other body types are excluded.) The assumption is that these body types are

predictors of body size (as shown in Table 3) but are not for other reasons likely to be more or less

representative. (This assumption would be violated if selectors relate to the identity dimension of
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candidates differently across political body types.)

To instrument for ethnic fractionalization, we employ a geographic feature—dispersion in ele-

vation across regions of a country—grounded in work on the long-run sources of ethnic diversity

(Michalopoulos, 2012). (Other dimensions of identity are excluded from this analysis.) Geography is

assumed to be exogenous and unrelated to representation, except through its influence on diversity.

Figure A.II.6 in Appendix II visualizes the assumptions of our IV analysis.

S1: log(Body N) (1) S2: Rep. Index (2) S1: Frac (3) S2: Rep. Index (4)
Body size (log) 0.03 (12.94)∗ 0.00 (0.04) 0.05 (10.06)∗

Fractionalization -0.13 (-1.25) -0.57 (-16.05)∗ -1.18 (-2.87)∗

Instruments
Executive baseline X
Upper house 3.68 (24.99)∗

Lower house 4.66 (63.12)∗

SD(Elevation) 0.08 (1.49)

Continuous covariates
Lexical index X X X X
Population (log) X X X X
GDP per capita (log) X X X X
Gini index X X X X

Factor covariates
Gender quota type X X
Ethnicity quota type X X X X
Selection rule X X X X
Round X X X X

Other statistics
Countries 156 156 134 134
Observations 1080 1080 1804 1804
Adjusted R-squared 0.96 0.44 0.27 0.41
Weak instruments 11112.25∗ 24.77∗

Wu-Hausman 0.62 7.58∗

Table 7: IV analysis. First stage outcomes: log(Body Size) and fractionalization. Second stage
outcome: levels of representation (where 1 = perfect representation). Estimator: two-stage least
squares, t-statistics in parentheses, standard errors clustered by country. * denotes p < 0.05. Full
model results are given in Table A.IV.6.

The first-stage analyses in Table 7 offer a reasonably good fit to the data, and the IV diagnostics

are favorable. (For example, we reject the null hypothesis in the weak instruments test; we also reject

the null in the Wu-Hausman test, indicating that the use of instruments is helpful in accounting for

31



endogeneity.) The second-stage analyses report estimates for the key variables that are comparable

to those reported in Table 2, though slightly stronger for fractionalization. These analyses offer some

reassurance against threats to inference stemming from non-random assignment.

9 Additional Robustness Tests

In this section, we briefly discuss additional robustness tests whose full results are posted in Appendix

II.

First, in Section A.II.1.6, we assess the extent to which our results are robust to the potentially

arbitrary aggregation of ethnic categories, an issue discussed in Section 2. To do so, we take the ethnic

groups for a given country, randomly aggregate them into higher-order categories, and replicate our

main analyses.

Second, we return to the problem that our use of clustered standard errors can account for error

covariances within countries but not the hierarchical structure of our data, where information about

a single leader can contribute to multiple observations. In Section A.II.1.9.2, we replicate the main

analysis employing a hierarchical bootstrap procedure described in Section A.II.1.7 that is designed

to account for uncertainties in multi-level data (Carpenter, Goldstein, et al., 2003).

Third, we evaluate the degree to which our results may be affected by post-treatment bias due

to the inclusion of parliamentary parties in the analysis. These bodies are post-treatment in the

sense that the composition of a party could affect its popularity and, thus, its representation in

the legislature. To obviate this issue, we replicate the main analysis excluding parties. Results

are presented with clustered standard errors (A.II.1.10.1) and with significance assessed via the

hierarchical bootstrap described above (A.II.1.10.2).

Finally, we assess whether results might be affected by our inclusion criterion, whereby political

bodies are included only if we are able to gather information on the identity of more than 75% of

its members along a particular dimension of identity. Relaxing this criterion, we include all political
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bodies for which any member can be coded. Results are presented with clustered standard errors

(A.II.1.11.1) and a hierarchical bootstrap (A.II.1.11.2). In Figure A.II.4, we plot the main regression

coefficients using Model 4 in Table 2 as we vary the coverage threshold between 0 and 1. Section

A.II.1.8 replicates the main analysis when randomly perturbing ethnic identities for which coders

were uncertain.

These tests offer some reassurance with respect to the robustness of our main findings, as devi-

ations from the benchmark model are generally small.

10 Conclusion

At the outset, we proposed an approach to measuring descriptive representation that is general in

purview—applying to any society, any political body, and any dimension of identity whose represen-

tation is valued by selectors. We then show how this representation index maps onto newly gathered

data covering 4 dimensions of identity, 156 countries, 1,503 political bodies, 2,052 social groups, and

51,408 political leaders.

We find that representation is short of what one would expect if political bodies were filled by

random selection. This is true for every country in the world.

We find that average representation achieved across four of the most salient identities—gender,

religion, language, and ethnicity—is remarkably similar, despite varying degrees of skewness.

The rest of the paper is centered on the role of compositional effects in structuring descriptive

representation. A few of the findings, along with their implications, may be briefly reviewed.

We find, first, that representation is affected by the size of political bodies—specifically, larger

bodies are generally more representative. For example, larger parliamentary party groups are more

representative than smaller party groups; legislatures are more representative than other leadership

bodies; executive offices are the least representative of all. This, in turn, suggests that there is

often an inverse relationship between power and representativeness. As one moves up the political
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pyramid, the size of governing bodies generally decreases, impeding their representational function.

In this respect, there appears to be an obdurate trade-off between descriptive representation and

other governance desiderata such as deliberation and decisiveness.

Representation is also vitally affected by the configuration of social identities—specifically, het-

erogeneous polities are less representative. Iceland achieves higher levels of representation than

India, to take two extreme cases. Likewise, within the same society, a dimension exhibiting greater

heterogeneity is likely to achieve worse representation than a dimension exhibiting greater homo-

geneity. In the United States, for example, the largest group ethnic group (White) encompasses 62%

of the population while the largest linguistic group (English) encompasses 88% of the population;

predictably, linguistic representation is more impressive than ethnic representation.

It follows that whenever identities are re-negotiated, the way in which identity categories are

defined has important repercussions for representation. Since the general trend seems to be to-

ward greater differentiation, we should anticipate that acts of reclassification (e.g., by the decennial

US Census) will generate less faithful representation overall. In a similar fashion, refashioning

identity through the intersection of orthogonal categories (intersectionality) should weaken overall

representation. Any multiplication of categories complicates the coordination challenge inherent in

descriptive representation. Of course, this does not mean it is wrong for people to adopt more spe-

cific identities—to consider themselves Chinese-American rather than Asian, for example. It simply

means that as categories become more nuanced representational demands placed upon the political

system grow. Ceteris paribus, one can expect greater shortfalls.

When decomposing heterogeneity, entropy (relative group size) is more consequential than the

sheer number of groups. This means that it is more difficult to achieve representation with a small

number of equal-sized groups than with a large number of groups among which one predominates.

Overall, compositional factors account for roughly half of the variability in descriptive represen-
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tation across political bodies and across countries (aggregating across bodies). By contrast, other

factors often thought to influence representation such as the type of office (executive, cabinet, et

al.), selection rules (appointive, PR, et al.), regimes (democracy/autocracy), levels of economic de-

velopment (per capita GDP), and inequality (the Gini index) appear to have only marginal impact,

judged within the context of our research design. (Note, however, that this research design may not

be optimal for testing these background factors.)

Finally, compositional effects appear to be ubiquitous for traits whose representation is valued.

Although we cannot claim to have tested every plausible context, we find evidence of compositional

effects across elective and non-elective offices, across democracies and autocracies, across rich coun-

tries and poor countries, across different regions of the world, across time, and across various traits,

including intersectional identities.

Before closing, several limitations of this study should be noted.

First, although our examination of traits is extensive, it is certainly not exhaustive. We focus

primarily on four identities whose representation is widely valued—gender, ethnicity, religion, and

language. Two additional traits—age and education—where we expect greater ambivalence, are

examined briefly in Appendix I. Consistent with our theory, we find strong compositional effects

for valued traits and weaker effects for less valued traits. We were unable to examine additional

traits such as sexual orientation, region, national origin, or social class. Accordingly, we must defer

conclusions about how they fit the scope-conditions of our theory.

Second, our data samples the world at two points in the contemporary era. Accordingly, we

are unable to directly address longer-term historical patterns. We theorize that as views about the

representation of traits change, these changes in perspective should be reflected in compositional

effects. In Appendix I, we offer an apparent example of this phenomenon. Systematic tests must

await better evidence.
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A third limitation concerns the national focus of our data, which precludes drawing conclusions

about patterns among regional and local offices. Suffice to say, we see no reason to suppose that

subnational bodies are exempt from compositional effects. A smattering of studies focused on local

councils in the United States (cited at the outset) mostly supports that interpretation.

A fourth limitation stems from our global approach. Although capacious, this approach is un-

able to capture nuances of descriptive representation—arising, e.g., from laws, norms, history, and

geography—that pertain to specific countries or social groups. Helpfully, a rich body of research

focuses on these issues in specific contexts, especially in Europe and the United States.7 The present

study should be viewed as a complement, not a replacement, for these focused studies.

Finally, we have little ground for speculating upon compositional effects in non-political bodies

such as firms, labor unions, and other non-governmental organizations. Insofar as there is growing

pressure to represent society in these bodies, we would not be surprised if a similar dynamic applies.

So far as we know, the impact of compositional factors on representation in these venues has not

been studied; nor is it entirely clear how relevant constituencies should be defined in these contexts.

We leave these matters for future research. �
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Appendix I: Scope Conditions
In Section 1, we stipulated that compositional effects arise for all traits except those regarded by
selectors as unfit or undeserving for public office. This serves as a principal scope-condition for the
theory. In this appendix, we take a closer look at the ways in which preferences might moderate
compositional effects.

Preferences are evidently matters of degree. For some traits, there may be universal opposi-
tion; for others, universal support; and for others, a mixed reception or general indifference. We
hypothesize that compositional effects on representation increase as selectors move from opposition
to support or indifference. The caveat is that indifference will be over-ridden if a trait is associated
with another that selectors have strong preferences for or against.

Recall that selectors are those who appoint or elect persons to public office. We leave aside
questions about how the selectorate is formed and what procedures of selection are followed. These
are essential matters, of course, but since they lie orthogonal to our theory and have been pursued
by many others, they need not detain us.
A.I.1.1 Support, Opposition, and Indifference
Insofar as selectors value the representation of a trait, they will choose people to fill public offices
so as to achieve that outcome. Insofar as they view a trait as undesirable, or unfit for public office,
they will exclude carriers of that trait.

In the latter situation, compositional factors must be irrelevant. This is obvious where persons
with a given trait are legally excluded from holding public office, as women were until recently in
most polities, and as minors, felons, and recent immigrants are to this day in many polities. Many
countries impose religious qualifications, and at least one (Thailand) imposes explicit educational
qualifications. Evidently, the size of a political body or the distribution of traits across a population
has no bearing on representation where persons with specified traits are formally excluded.

In other instances, exclusions are not formal, but the preferences of selectors nonetheless work
against the representation of a group. For example, education is often viewed as an important
qualification for public office and selectors typically give preference to those with advanced degrees.
Accordingly, we should not expect to find strong compositional effects with respect to groups defined
by their level of education.

Social class is an especially complicated dimension because opinions are mixed, from what we can
infer. Some selectors feel strongly that those without wealth should be represented in government.
Others disagree or feel that this dimension of representation should be subordinated to other criteria.
A recent study shows that citizens do not discriminate against candidates with working-class char-
acteristics (Carnes and Lupu, 2016). But it does not follow that working-class voters give preference
to working-class MPs. Accordingly, we expect compositional factors to bear ambivalently upon this
dimension.

Now, let us turn to traits that are not chosen in an intentional fashion. For some characteristics,
selectors have no strong feelings; they are indifferent, or relatively so.

One might dismiss such traits as irrelevant to politics, and it is surely true that they have
generated less interest on the part of academics and the popular press. However, Burden (2007)
shows that lawmakers’ life experiences affect their views on a vast range of policies that come before
them. These intrinsic features presumably also generate spillover effects on other lawmakers. When
policies concerning health arise, legislatures often turn to physicians in their midst with the notion
that they possess unique insights into this policy area. When policies concerning handicapped access
arise, legislatures may turn to members with special needs for advice. When policies arise that bear
differentially upon different age groups, or upon which young and old people have different views,
legislatures may turn to members in those age groups for advice. And so forth. Leaders with
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special traits may even become national leaders in these policy areas. As such, the incidental traits
that leaders bring to their job constitute an important, though unappreciated, form of descriptive
representation.

Since the vast majority of traits exhibited by officeholders are low salience, it follows that com-
positional factors may be considerably more important than is apparent from an examination of
the usual (high-salience) dimensions. However, compositional effects will be strong only if a trait is
uncorrelated with valued traits.

Consider blood type, a trait that is distributed across a population in a fairly (though not entirely)
random fashion and is not regarded as relevant for officeholding. Here, compositional effects should
apply.

Now, consider age as a feature of representation (Stockemer and Sundström, 2018). Since age is
generally fairly low-salience, we might expect selection into office to be incidental. However, because
age is correlated with other valued traits such as experience, it seems likely that compositional effects
for age groups will be muted.
A.I.1.2 Empirical Tests
Having vetted several arguments about the moderating effects of preferences for representation, and
offered some illustrations, let us consider the evidence at hand as it pertains to education and age.
(Regrettably, we do not have information on other characteristics of leaders such as social class,
medical degrees, special needs, or blood type.)

Along with gender, religion, language, and ethnicity (Section 2), expert coders recorded the
educational attainment and age of leaders. For present purposes, educational attainment is measured
as a binary variable—no college/some college. We draw on the Barro and Lee dataset to obtain
population-level education values (Barro and Lee, 2013).

The age of leaders is classified in 5-year ranges (20-24, 25-29, etc.). This is measured as (a)
current age and (b) age upon taking office. Population-level data is obtained from the World
Bank’s Health Nutrition and Population Statistics (https://databank.worldbank.org/source/
health-nutrition-and-population-statistics). Ages below 20 are excluded from the construc-
tion of the fractionalization index.

Table A.I.1 follows our benchmark specification (Model 3, Table 2). Here, the outcomes of
interest are representational indices of age, age upon taking office, and education (full results are
posted in Table A.I.2).

We find that body size has the expected sign and is statistically significant in all models. Larger
bodies are associated with better representation for age groups and education groups.

However, fractionalization indices for age and education bear a positive relationship to repre-
sentation – the opposite of what we found in analyses focused on ethnicity, religion, language, and
gender (see Table 4). We regard this result as spurious, a product of selector preferences that happen
to correlate with fractionalization.

Consider that countries with higher age fractionalization scores are countries with older popula-
tions. (This arises because age pyramids are more evenly distributed across age groups, rendering
a higher fractionalization score.) Now consider the fact that older candidates for public office are
generally greatly preferred to younger candidates—not because they are older but because they
possess other desired attributes such as experience. In this light, it is not surprising that higher
fractionalization would be associated with greater representation. But it is certainly not a causal
relationship; it is simply a reflection of a general preference for older candidates.

A similar phenomenon arises with respect to education. Higher fractionalization scores are
generated in countries with more educated populations, bringing the share of the population with
some college education closer to fifty percent (the maximum degree of heterogeneity possible in a
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two-category measure). Now, assume that candidates with a college degree are generally preferred to
candidates with only a secondary school degree. (This is evident when one compares the proportion
with some college education among leaders and citizens (see Figure A.I.1).) Again, one can see why
a spurious association appears between fractionalization and representation.

More generally, we note that the interpretation of a fractionalization index is fraught whenever the
underlying categories are ordered, as they are for education and age (both of which are constructed
as ordinal scales). By contrast, we face fewer concerns with respect to ethnicity, religion, language,
and gender. As nominal categories, they are less susceptible to confounding in the present context.

Against this background, one might wonder about the results for body size, which accord with
expectations. The reason that these results are consistent with theoretical expectations is that most
of the variability in our sample is across political bodies rather than across countries. This provides
a great deal more empirical leverage and is not subject to the sort of confounding noted above.
Even so, it is worth noting that the result for education is barely significant, at standard statistical
thresholds. This is not surprising given that there is very little variability in the outcome—nearly
all leaders have a college degree, as shown in Figure A.I.1.

Age (1) Age At Taking Office (2) Education (3)
Body size (log) 0.11 (30.37)∗ 0.11 (32.51)∗ 0.01 (2.11)∗

Fractionalization 3.26 (7.16)∗ 2.69 (6.84)∗ 0.93 (9.97)∗

Continuous covariates
Lexical index X X X
Population (log) X X X
GDP per capita (log) X X X
Gini index X X X

Factor covariates
Body type X X X
Selection rule X X X
Round X X X

Other statistics
Countries 144 144 125
Observations 1988 1959 1545
Adjusted R-squared 0.78 0.77 0.56

Table A.I.1: Analysis by additional group identity types. Outcome: representation index. Higher
values indicate better representation. Estimator: ordinary least squares, t-statistics in parentheses,
standard errors clustered by country. * denotes p < 0.05. Full model results are given in Table A.I.2.

A.I.1.3 Changes Through Time
By way of conclusion, we want to take note of the obvious: as preferences change, so will composi-
tional effects. As an example, let us consider the interplay between the intentional and incidental
features of selection as they appear to have played out in the context of male sexual orientation.8

A half-century ago, few men were open about their sexuality if it did not conform to the hetero-
sexual norm. Accordingly, one may suppose that homosexuality was an incidental feature of selection
into political bodies, something few were aware of or (if aware) cared to consider. It was irrelevant
because suppressed. Accordingly, we can expect strong compositional effects due to random selec-
tion. Of course, one may question whether representation is achieved if it is entirely sub rosa; but
8Our account builds on various historical narratives including Adam (2009) and Ayoub (2016).
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Table A.I.2: Analysis by extrinsic group identity. Outcome: representation index. Higher values
indicate better representation. Estimator: ordinary least squares, t-statistics in parentheses, standard
errors clustered by country. * denotes p < 0.05

Age (1) Age At Taking Office (2) Education (3)
Body size (log) 0.11 (30.37)∗ 0.11 (32.51)∗ 0.01 (2.11)∗
Fractionalization 3.26 (7.16)∗ 2.69 (6.84)∗ 0.93 (9.97)∗
Selection Rule - 2 0.01 (0.57) 0.02 (1.07) -0.06 (-1.67)
Selection Rule - 3 0.01 (0.59) 0.02 (1.28) -0.12 (-3.05)∗
Selection Rule - 4 0.10 (4.34)∗ 0.11 (5.46)∗ -0.05 (-1.03)
Selection Rule - 5 -0.05 (-1.27) -0.05 (-1.23) -0.09 (-2.04)∗
Selection Rule - 6 -0.08 (-3.50)∗ -0.09 (-3.54)∗ -0.12 (-3.59)∗
Lexical index 0.00 (-0.17) -0.01 (-1.84) 0.00 (0.44)

Population (log) 0.00 (-1.39) -0.01 (-2.53)∗ 0.00 (-0.64)
GDP per capita (log) 0.00 (0.61) 0.01 (2.27)∗ -0.01 (-0.64)

Gini index 0.00 (-0.03) 0.00 (0.50) 0.00 (-1.89)
Body Type - Executive -0.20 (-7.49)∗ -0.20 (-7.09)∗ -0.06 (-1.54)

Body Type - Lower House -0.18 (-7.95)∗ -0.18 (-7.03)∗ -0.04 (-1.35)
Body Type - Party -0.08 (-3.94)∗ -0.10 (-3.71)∗ -0.01 (-0.20)

Body Type - Supreme Court -0.09 (-8.17)∗ -0.06 (-4.25)∗ -0.02 (-2.50)∗
Body Type - Upper House -0.14 (-4.93)∗ -0.13 (-4.86)∗ -0.01 (-0.58)

Round 2 Indicator 0.00 (0.57) -0.01 (-1.15) -0.01 (-0.77)
Adjusted R-squared 0.78 0.77 0.56

Observations 1988 1959 1545
Countries 144 144 125

for the moment, let us consider the matter from a purely arithmetic perspective.
By the late twentieth century, many homosexuals were coming out (voluntarily) or were outed

(involuntarily). A latent trait thus became manifest and was highly salient. Because homosexuality
was viewed as deviant, homosexual candidates for public office were discriminated against. In this
setting, compositional factors became irrelevant; gays were judged ineligible for public office, and
few bothered to put themselves forward.

Entering the twenty-first century, public opinion shifted dramatically in many societies, where
homosexuality came to be viewed as acceptable. At this point in time, we can anticipate that
compositional factors come into play, approximating those we have measured for other generally
acceptable traits such as gender, religion, language, and ethnicity.

A final stage in this evolution may be envisioned at some point in the future. At this point, let
us conjecture that sexual orientation becomes irrelevant to political representation—a background
factor like blood type that is of no (or very little) political relevance. If so, compositional effects will
still exist but for a different reason—because sexuality is a low-salience background characteristic,
chosen at random from the population, just as it was in previous eras when the trait was hidden
from view.

For our purposes, what is important in this saga is that compositional effects apply at every
stage of the journey except the second stage—when the trait was manifest and homosexuality was
viewed by selectors as highly undesirable.
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Figure A.I.1: The proportion of leaders having some college experience is in every country greater
than that in the population. Education and entry into political leadership seem to be intertwined.
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Appendix II: Robustness and Additional Analyses
A.II.1.4 Additional Figures and Descriptive Statistics

Mean SD Median Min Max
Fractionalization 0.44 0.21 0.50 0.00 0.97
log(GDP per capita) 9.14 1.17 9.35 5.70 11.95
log(Population) 16.29 1.57 16.17 12.68 21.05
log(Body N) 1.99 1.67 1.79 0.00 7.99
Lexical index 5.08 1.75 6.00 0.00 6.00
Gini coefficient 37.68 8.10 37.50 16.60 81.00

Table A.II.1: Descriptive statistics table.

Figure A.II.1: A depiction of the residual error of our model of representation. Color values
indicate different levels of the residual standard deviation using the expected value of the representa-
tion index as outlined in Equation 2 to predict observed representation. That is, colors correspond
to
√
E[(Rb − E[Rb])2]. In the left panel, we see that, generally, increasing the number of groups

decreases the residual standard deviation. Increasing the body size generally decreases the residual
standard deviation. Entropy has a somewhat complex relationship with the residual standard devia-
tion. In these figures, E[Rb] is found using our analytical formula;

√
E[(Rb − E[Rb])2] is found using

Monte Carlo methods. The design is otherwise identical to that used in Figure 2 in the main text.
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Figure A.II.2: Representation across group and body.
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Figure A.II.3: Comparison of the mean country-level ethnic representation with the heavy ethnic
clustering indicator from Ruedin (2009).
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Figure A.II.4: Sensitivity to coverage threshold. Analysis drawn from Model 4 in Table 2.
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Figure A.II.5: Residuals using body size and log(body size) to predict the representation index.
Justification for use of log(body size) in the analysis.
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A.II.1.5 Additional Analysis Exploring Representation and Dimensions of Iden-
tity

Model 1 Model 2 Model 3 Model 4
Ethnicity baseline X
Language 0.03 (1.04)
Religion -0.02 (-0.82)
Gender -0.03 (-1.32) -0.03 (-1.84) 0.02 (1.72) 0.02 (1.93)

Body size (log) 0.04 (10.49)∗ 0.05 (10.21)∗

Fractionalization -0.67 (-17.98)∗ -0.68 (-21.10)∗

Continuous covariates
Lexical index X
Population (log) X
GDP per capita (log) X
Gini index X

Factor covariates
Body type X X
Gender quota type X X
Ethnicity quota type X X
Selection rule X X
Round X X
Country X

Other statistics
Countries 156 156 156 156
Observations 6461 6461 6461 6461
Adjusted R-squared 0.01 0.00 0.44 0.44

Table A.II.2: Sub-group analysis. Outcome: representation, measured for each identity – ethnicity,
religion, language, and gender. Higher values indicate better representation. Estimator: ordinary
least squares, t-statistics in parentheses, standard errors clustered by country. * denotes p < 0.05

.

To probe the relationship between representation and different dimensions of identity, regression
analyses are conducted in Table A.II.1.5. Model 1 includes dummies for each dimension of iden-
tity, with ethnicity as the excluded category. Not surprisingly, there are no statistically significant
differences across these coefficients.

Model 2 drops all identity dummies except gender, which we have reason to believe (based on
its unique distribution) may be different. Again, there is no significant difference when contrasted
with other identities (now part of the excluded category).

Model 3 adds fractionalization to the specification. Interestingly, the sign for gender flips and the
relationship is statistically significant. In other words, once we control for the distribution of identity
groups in societies across the world, gender representation is superior to representation along other
dimensions. This pattern is robust even when other covariates are added to the specification, as
shown in Model 4.

Earlier, we noted that gender is distinct from other identities insofar as the population is split
into two relatively equal-sized groups. Entropy is extremely high, giving gender a relatively high
score on the fractionalization index. By contrast, many societies are dominated by a single ethnic
group (mean dominant group share of 69%), a single religious group (mean dominant group share of
72%), and a single linguistic group (mean dominant group share of 78%). Once we take this factor
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into account, gender achieves a higher-than-expected score.
To see why this matters, let us imagine a society in which there are strong norm-based objections

to the representation of women (comprising 50% of the population) as well as to the representation
of a small ethnic group (comprising 5% of the population). As a consequence, both are under-
represented. However, the small ethnic group can be under-represented only by five points on our
index while women can be under-represented by fifty points on our index. The exclusion of small
groups matters less than the exclusion of large groups. (Of course, exclusion is consequential for
the excluded group; but it is less consequential for the ideal of representation, considered across all
citizens.) Once we build this into the model, by including fractionalization on the right side, gender
representation is better than expected. It is nevertheless important to emphasize that our metric
of representation is symmetric so that a country that has some bodies over-representing women
and some bodies under-representing women could have the same average representation score as a
country whose bodies always underrepresent women.
A.II.1.6 Robustness with Randomly Aggregated Ethnicities

Model 2 Model 3 Model 4 Model 5
Expected representation 0.94 (100.92)∗

Body size (log) 0.03 (8.59)∗ 0.04 (6.47)∗ 0.04 (7.01)∗

Fractionalization -0.67 (-25.34)∗ -0.31 (-5.90)∗ -0.66 (-23.74)∗

Continuous covariates
Lexical index 0.00 (0.93)
Population (log) 0.00 (0.55)
GDP per capita (log) -0.01 (-1.83)
Gini index 0.00 (-0.35)

Factor covariates
Body type X X
Ethnicity quota type X X
Selection rule X X
Round X X
Country X
Intercept X X X

Other statistics
Countries 152 152 152 152
Observations 1834 1834 1834 1834
Adjusted R-squared 0.56 0.60 0.65 0.61
Unit of analysis C-B-G C-B-G C-B-G C-B-G

Table A.II.3: Main analysis. Outcome: levels of representation (where 1 = perfect representation)
for ethnicity, where ethnicities have been randomly grouped. Estimator: ordinary least squares, t-
statistics in parentheses, standard errors clustered by country. * denotes p < 0.05. Missing values
were imputed in Model 1 to ensure compatibility across country and standard errors calculated via
the country-level block bootstrap (with the missing data model re-fit on every bootstrap draw); see
main text. In the unit of analysis row, “C” denotes country, “G” denotes group, and “B” denotes
body.

A.II.1.7 Description of Hierarchical Bootstrap Procedure
Goal: Account for country- and leader-level dependencies using a hierarchical bootstrap procedure
(Carpenter, Goldstein, et al., 2003; Efron, 1982; Efron and Kotz, 1992).
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Hierarchical Bootstrap Description:

1. For boot ∈ {1, ..., nBoot}:

(a) Sample countries from the set of countries with replacement
i. Within each sampled country:

A. Sample leaders with replacement
B. Compute discrepancies by group and body

(b) With bootstrap dataset, fit model and save coefficients

2. Assess statistical significance by examining the 95% bootstrap intervals for each coefficient
(using the nBoot realizations) or by computing the bootstrap t-statistic.

A.II.1.8 Results With Uncertain Ethnicities Randomly Drawn
To assess robustness of the results to uncertainties in the coded identities, we rerun the main analysis.
In the reanalysis of the data, we randomly perturb the ethnic identities of individuals whose ethnicity
was coded, but where coders were not confident in this decision. We randomly draw the ethnicity
of these individuals from the pool of ethnicities in the country. We find no significant sensitivity of
the results to this perturbation.
A.II.1.9 Results With Party Groups in Lower House and >75% Inclusion Cri-

terion
A.II.1.9.1 With Standard Errors Clustered by Country
See main text.
A.II.1.9.2 With Bootstrap Standard Errors
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Model 2 Model 3 Model 4 Model 5
Expected representation 0.87 (62.88)∗

Body size (log) 0.06 (12.30)∗ 0.06 (9.78)∗ 0.06 (9.95)∗

Fractionalization -0.68 (-21.90)∗ -0.36 (-2.98)∗ -0.66 (-18.47)∗

Continuous covariates
Lexical index 0.01 (1.65)
Population (log) -0.01 (-1.39)
GDP per capita (log) 0.00 (-0.25)
Gini index 0.00 (-0.97)

Factor covariates
Identity X X
Body type X X
Gender quota type X X
Ethnicity quota type X X
Selection rule X X
Round X X
Country X
Intercept X X X

Other statistics
Countries 152 152 152 152
Observations 2031 2031 2031 2031
Adjusted R-squared 0.47 0.51 0.59 0.53
Unit of analysis C-B-G C-B-G C-B-G C-B-G

Table A.II.4: Main analysis. Outcome: levels of representation (where 1 = perfect representation)
, measured across various identities – ethnicity, religion, language, and gender. Estimator: ordinary
least squares, t-statistics in parentheses, standard errors clustered by country. * denotes p < 0.05.
Missing values were imputed in Model 1 to ensure compatibility across country and standard errors
calculated via the country-level block bootstrap (with the missing data model re-fit on every bootstrap
draw); see main text. In the unit of analysis row, “C” denotes country, “G” denotes group, and “B”
denotes body.
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Model 1 Model 2 Model 3 Model 4 Model 5
Expected representation 0.84 (87.42)∗ 0.71 (98.69)∗

Body size (log) 0.05 (27.64)∗ 0.06 (30.44)∗ 0.06 (25.29)∗

Fractionalization -0.46 (-20.10)∗ -0.41 (-14.87)∗ -0.46 (-18.26)∗

Continuous covariates
Lexical index 0.01 (3.71)∗

Population (log) 0.00 (-1.11)
GDP per capita (log) 0.03 (7.03)∗

Gini index 0.00 (-5.05)∗

Factor covariates
Identity X X
Body type X X
Gender quota type X X
Ethnicity quota type X X
Selection rule X X
Round X X
Country X
Intercept X X X

Other statistics
Countries 156 153 153 153 153
Observations 156 11953 11953 11953 11953
Adjusted R-squared 0.55 0.35 0.31 0.65 0.62
Unit of analysis C C-B-G C-B-G C-B-G C-B-G

Table A.II.5: Main analysis. Outcome: levels of representation (where 1 = perfect representation)
, measured across various identities – ethnicity, religion, language, and gender. Estimator: ordinary
least squares, t-statistics in parentheses, standard errors clustered by country. * denotes p < 0.05.
Missing values were imputed in Model 1 to ensure compatibility across country and standard errors
calculated via the country-level block bootstrap (with the missing data model re-fit on every bootstrap
draw); see main text. In the unit of analysis row, “C” denotes country, “G” denotes group, and “B”
denotes body.
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A.II.1.10 Results Without Party Groups in Lower House
A.II.1.10.1 With Standard Errors Clustered by Country

Model 1 Model 2 Model 3 Model 4 Model 5
Expected representation 0.84 (87.42)∗ 0.82 (116.28)∗

Body size (log) 0.02 (11.75)∗ 0.02 (4.28)∗ 0.02 (3.53)∗

Fractionalization -0.61 (-27.26)∗ -0.62 (-14.52)∗ -0.61 (-23.88)∗

Continuous covariates
Lexical index 0.00 (1.77)
Population (log) 0.00 (0.28)
GDP per capita (log) 0.01 (1.46)
Gini index 0.00 (-0.87)

Factor covariates
Identity X X
Body type X X
Gender quota type X X
Ethnicity quota type X X
Selection rule X X
Round X X
Country X
Intercept X X X

Other statistics
Countries 156 157 157 157 157
Observations 156 3778 3778 3778 3778
Adjusted R-squared 0.55 0.23 0.40 0.47 0.43
Unit of analysis C C-B-G C-B-G C-B-G C-B-G

Table A.II.6: Main analysis. Outcome: levels of representation (where 1 = perfect representation)
, measured across various identities – ethnicity, religion, language, and gender. Estimator: ordinary
least squares, t-statistics in parentheses, standard errors clustered by country. * denotes p < 0.05.
Missing values were imputed in Model 1 to ensure compatibility across country and standard errors
calculated via the country-level block bootstrap (with the missing data model re-fit on every bootstrap
draw); see main text. In the unit of analysis row, “C” denotes country, “G” denotes group, and “B”
denotes body.
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A.II.1.10.2 With Bootstrap Standard Errors

Model 1 Model 2 Model 3 Model 4 Model 5
Expected representation 0.84 (87.42)∗ 0.67 (89.95)∗

Body size (log) 0.05 (31.14)∗ 0.03 (7.80)∗ 0.03 (7.11)∗

Fractionalization -0.37 (-15.78)∗ -0.27 (-7.84)∗ -0.31 (-10.59)∗

Continuous covariates
Lexical index 0.00 (2.36)∗

Population (log) 0.00 (-2.36)∗

GDP per capita (log) 0.04 (9.15)∗

Gini index 0.00 (-5.05)∗

Factor covariates
Identity X X
Body type X X
Gender quota type X X
Ethnicity quota type X X
Selection rule X X
Round X X
Country X
Intercept X X X

Other statistics
Countries 156 138 138 138 138
Observations 156 4898 4898 4898 4898
Adjusted R-squared 0.55 0.30 0.25 0.71 0.68
Unit of analysis C C-B-G C-B-G C-B-G C-B-G

Table A.II.7: Main analysis. Outcome: levels of representation (where 1 = perfect representation)
, measured across various identities – ethnicity, religion, language, and gender. Estimator: ordinary
least squares, t-statistics in parentheses, standard errors clustered by country. * denotes p < 0.05.
Missing values were imputed in Model 1 to ensure compatibility across country and standard errors
calculated via the country-level block bootstrap (with the missing data model re-fit on every bootstrap
draw); see main text. In the unit of analysis row, “C” denotes country, “G” denotes group, and “B”
denotes body.

A.II.1.11 Results Without >75% Coverage Condition
A.II.1.11.1 With Standard Errors Clustered by Country
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Model 1 Model 2 Model 3 Model 4 Model 5
Expected representation 0.84 (87.42)∗ 0.83 (93.17)∗

Body size (log) 0.04 (13.91)∗ 0.05 (15.17)∗ 0.05 (13.09)∗

Fractionalization -0.71 (-26.06)∗ -0.68 (-16.44)∗ -0.69 (-23.42)∗

Continuous covariates
Lexical index 0.01 (2.59)∗

Population (log) 0.00 (-0.35)
GDP per capita (log) 0.01 (1.11)
Gini index 0.00 (-1.95)

Factor covariates
Identity X X
Body type X X
Gender quota type X X
Ethnicity quota type X X
Selection rule X X
Round X X
Country X
Intercept X X X

Other statistics
Countries 156 157 157 157 157
Observations 156 9505 9505 9505 9505
Adjusted R-squared 0.55 0.37 0.44 0.50 0.47
Unit of analysis C C-B-G C-B-G C-B-G C-B-G

Table A.II.8: Main analysis. Outcome: levels of representation (where 1 = perfect representation)
, measured across various identities – ethnicity, religion, language, and gender. Estimator: ordinary
least squares, t-statistics in parentheses, standard errors clustered by country. * denotes p < 0.05.
Missing values were imputed in Model 1 to ensure compatibility across country and standard errors
calculated via the country-level block bootstrap (with the missing data model re-fit on every bootstrap
draw); see main text. In the unit of analysis row, “C” denotes country, “G” denotes group, and “B”
denotes body.
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A.II.1.11.2 With Bootstrap Standard Errors

Model 1 Model 2 Model 3 Model 4 Model 5
Expected representation 0.84 (87.42)∗ 0.70 (105.77)∗

Body size (log) 0.05 (34.19)∗ 0.06 (32.41)∗ 0.06 (28.22)∗

Fractionalization -0.47 (-22.83)∗ -0.47 (-18.96)∗ -0.51 (-24.03)∗

Continuous covariates
Lexical index 0.01 (4.20)∗

Population (log) 0.00 (-0.39)
GDP per capita (log) 0.03 (7.89)∗

Gini index 0.00 (-4.61)∗

Factor covariates
Identity X X
Body type X X
Gender quota type X X
Ethnicity quota type X X
Selection rule X X
Round X X
Country X
Intercept X X X

Other statistics
Countries 156 157 157 157 157
Observations 156 17024 17024 17024 17024
Adjusted R-squared 0.55 0.35 0.32 0.64 0.61
Unit of analysis C C-B-G C-B-G C-B-G C-B-G

Table A.II.9: Main analysis. Outcome: levels of representation (where 1 = perfect representation)
, measured across various identities – ethnicity, religion, language, and gender. Estimator: ordinary
least squares, t-statistics in parentheses, standard errors clustered by country. * denotes p < 0.05.
Missing values were imputed in Model 1 to ensure compatibility across country and standard errors
calculated via the country-level block bootstrap (with the missing data model re-fit on every bootstrap
draw); see main text. In the unit of analysis row, “C” denotes country, “G” denotes group, and “B”
denotes body.

A.II.1.12 Assumptions of IV Model
A.II.1.13 Proof of Equation 2
A.II.1.13.1 Expected Representation Index Using Squared Deviations
We assume that there exists an infinite population from which political leaders are drawn uniformly.
Before we derive the expression for the expected absolute deviations of the body group shares from
those in the population, we first consider the simpler case where the metric of interest is the sum of
squared body-group differences. In this case, we have

R
(2)
b = 1− 1

2 ×
K∑

k=1
(gpk
−Gbk

)2 (6)
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Figure A.II.6: This figure illustrates the assumptions of our IV analysis. In the left panel, we
illustrate the assumption that, among elected bodies, the body type (Tb) only affects the representation
index (R) through the effect of body type on body size (Nb), using the fact that some bodies tend to
be bigger than others. In the right panel, we illustrate the assumption that variability in elevation
(SD(E)) affects the representation score (R) only through its effect on ethnic fractionalization (F ),
for example, because more variable geographies tend to have a greater number and dispersion of ethnic
groups). In both figures, U refer to unobserved confounders and X refers to observed confounders.

where gpk
denotes the population group share for group k, Gbk

denotes the body group share for
group k, and K denotes the total number of groups. We want to find:

E[R(2)
b ] = E

[
1− 1

2 ×
K∑

k=1
(gpk
−Gbk

)2
]
, (7)

where the expectation is taken over the uniform sampling process of members of the population to
the political body.

Now, because the body size, nb, is here considered to be fixed, Gb × nb ∼ Multinomial(gb, nb),
where Gbk

×nb represents the counts associated with group k in the body (e.g., the number of female
leaders in the lower house). This distributional equality holds because leaders are drawn from the
population with probability proportional to their group share, gbk

, and this process is repeated nb

times.
We just need to find E[(gpk

− Gbk
)2], which, by linearity of expectations, will yield the full

expression for Equation 7. We see that

E[(gpk
−Gbk

)2] = E[g2
pk
− 2gpk

Gbk
+G2

bk
]

= g2
pk
− 2gpk

E[Gbk
] + E[G2

bk
]

= g2
pk
− 2gpk

1
nb
× E[nbGbk

] + E[G2
bk

] (multiply by 1)

= g2
pk
− 2gpk

1
nb
× nbgpk

+ E[G2
bk

] (by the Multinomial expected value)

Using a similar line of reasoning, we see

E[G2
bk

] = 1
n2

b

× E[(nbGbk
)2] (multiply by 1)

= 1
n2

b

×
[
nb(gpk

)(1− (gpk
)) + (nbgpk

)2
]

(using the Multinomial variance & fact that E[X2] = Var(X) + E[X]2)
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Putting everything together,

E[(gpk
−Gbk

)2] = g2
pk
− 2gpk

1
nb
× nbgpk

+ 1
n2

b

×
[
nb(gpk

)(1− (gpk
)) + (nbgpk

)2
]
,

After some algebra, we see:
E[(gpk

−Gbk
)2] = gpk

(1− gpk
)

nb
. (8)

Because E[R(2)
b ] is equivalent to summing over the variance terms for each category draw and because

sums are linear operators, we therefore conclude

E[R(2)
b ] = 1− 1

2 ×
∑K

k=1 gbk
(1− gbk

)
nb

. (9)

This equation is straightforward to interpret. We can conclude from it that the representation index
involving the squared body-population increases proportionally with the body size. Moreover, we
see that E[R(2)

b ] is smaller when population shares become more uniform. For example, in the binary
case, gbk

(1− gbk
) is maximized at gbk

= 0.5.
A.II.1.13.2 Expected Representation Index Using Absolute Deviations
When using the Representation Index defined using absolute values (as in the representation index
from Equation 1) instead of squared values, we have

Rb = 1− 1
2

K∑
k=1
|gpk
−Gbk

|

Here, we again use the fact that expectations are linear operators and focus on E[|gpk
− Gbk

|] for
some k. We also recall the close relationship between the Multinomial and Binomial distribu-
tions. In particular, any single dimension in a Multinomial random vector is itself Binomially dis-
tributed (i.e. marginal counts of a Multinomial are Binomial). Therefore, we know that Gbk

× nb ∼
Binomial(gbk

, nb). We can here apply the expression for the expected absolute deviation for the
Binomial from Kenney and Keeping (1962):

E [|nbGbk
− E[nbGpk

]|] = E[|nbGbk
− nbgpk

|] = 2
{

(1− gpk
)nb−bnbgpk

c × gbnbgpk
c+1

pk (bnbgpk
c+ 1)

(
nb

bnbgpk
c+ 1

)}
.

Because nb > 0, we can take

E[|Gbk
− gpk

|] = 2
nb

{
(1− gpk

)nb−bnbgpk
c × gbnbgpk

c+1
pk (bnbgpk

c+ 1)
(

nb

bnbgpk
c+ 1

)}

and thus, by linearity of expectations,

E[Rb] = 1− 1
nb

K∑
k=1

{
(1− gpk

)nb−bnbgpk
c × gbnbgpk

c+1
pk (bnbgpk

c+ 1)
(

nb

bnbgpk
c+ 1

)}
.

We illustrate the accuracy of Equation 2 in Figure A.II.7, where we compute the distribution of Rb for
the United States under the random sampling assumption. We use the lower house as the body type
and ethnicity as the group type in this experiment. The Monte Carlo mean and analytical expectation

15



from Equation 2 cannot be visually distinguished, confirming that the analytical calculations are,
indeed, accurate. We also note that the observed representation index is below expected value we
obtain under the random sampling assumption, an indication that the political system is much less
representative than we would expect under random sampling. Below, we also make available code
for computing this expected value.

Figure A.II.7: Validating Equation 2 via Monte Carlo simulations. We use the lower house as the
body type and ethnicity as the group type. The observed representation index value is also shown.
The Monte Carlo mean and analytical expectation cannot be visually distinguished.

Alternative representation measures similar to the absolute deviations from proportionality also
exist. For example, one might normalize by the number of groups, K. However, this would make in-
terpretation difficult, as the intrinsic scale depends on context. Moreover, the scale would be sensitive
to the addition of groups having population and body shares of near 0 because the inclusion/exclusion
of small groups, although contributing little to the |gpk

−Gbk
| terms, would inflate/deflate the nor-

malization factor, K.

expected_representation_index <- function(pop_share, bodyN){
# function inputs:
# pop_share -- a vector of population shares that sums to 1 and contains non-zero values
# bodyN -- a positive integer denoting the body size

# first, compute each contribution to the sum from k=1 to K on the log scale
# the log scale is used for computational robustness in dealing with large body sizes
log_contrib_k <- (bodyN - floor(bodyN*pop_share))*log(1 - pop_share) +

(floor(bodyN*pop_share)+1)*log(pop_share) +

16



log(floor(bodyN*pop_share)+1) +
lchoose(bodyN,floor(bodyN*pop_share)+1)

# convert back to original scale
contrib_k <- exp( log_contrib_k )

# compute final score
return( 1 - sum( contrib_k / bodyN ) )

}

A.II.1.14 Additional Analyses of Round Effects
Discussion of Figure A.II.8. We see the most significant correlations between Round 1 (2010-2013)
representation and Round 2 (2017-19) representation for ethnicity. For gender, there is a lower, but
still significant, correlation across time for each body. This correlation is strongest for legislative
bodies, and weakest for the executive.
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Observed − Language  Cabinet (1)
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Observed − Language  Lower House (1)
Observed − Language  Party (1)
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Figure A.II.8: Representation across time between Round 1 (2010-2013) and Round 2 (2017-
2019). We point represents the correlation between the representation index for each group and body
in Rounds 1 and 2.

A.II.1.15 Out-of-Sample Predictive Assessment via the Lasso
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Lasso Coefficient
Intercept 0.812
Body size (log) 0.035
Body type - Executive
Body type - Lower house
Body type - Party -0.006
Body type - Supreme court
Body type - Upper house
Lexical index 0.003
Fractionalization -0.621
Population (log)
GDP per capita (log) 0.004
Gini index
Selection rule - 2
Selection rule - 3
Selection rule - 4
Selection rule - 5
Selection rule - 6 0.018
Group type - Gender
Group type - Language
Group type - Religion -0.011
Quotas type - 1
Quotas type - 2
Quotas type - 3
Quotas type - 4
Ethnic quota
Round

Table A.II.10: Main analysis. Outcome: levels of representation (where 1 = perfect representation)
estimated to be exactly 0 are listed as blank entries for the sake of clarity. The regularization penalty
was selected via cross-validation, with the selected penalty being the largest value within 1 standard
deviation of the out-of-sample minimizer.
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Appendix III: Recruitment and Coding
A.III.1.16 Recruitment
Recruiting country experts is a challenge, particularly for small countries in the developing world.
To identify potential coders, we began by contacting senior political scientists—area specialists with
extensive networks among scholars of that region. We asked these scholars to recommend persons
with country-specific knowledge who might be interested in the project. We then contacted them,
informed them of the project, and—if they seemed appropriate for the job and willing to commit
the requisite time—secured their appointment.

Country experts chosen for this project are generally serving as academics, graduate students,
or professionals involved in some aspect of politics (such as the civil service or an NGO). Since the
questions of interest to this project are mostly factual—and the non-factual questions do not have
a pronounced partisan or ideological slant—it was deemed sufficient to recruit only one coder per
country. Coders were remunerated according to the number of leaders and the ease of data access
in that country.

The time required to complete a GLP questionnaire depends on the number of leaders in a
country—in turn, largely a product of the size of the legislature. China’s legislature, with more
than 3000 members, tops the list, while Qatar’s, with 35 members, is the smallest in our sample.
On average, coders reported spending about 50 hours on their work, which may have spread across
several weeks or months. Most of the coding was conducted on the interactive GLP website. A few
coders preferred to work on hard copies of the questionnaire, which were then transcribed to the
database.

All coders have the option of retaining anonymity. However, most preferred to be publicly
identified with their work, and thus appear (along with contact information) on the GLP website.
This enhances the transparency and credibility of the GLP database and also allows end-users the
option of contacting those involved in the coding to resolve ambiguities or pursue new angles.
A.III.1.17 Intercoder Reliability Analysis
In addition to having experts report their uncertainty about leaders’ identity characteristics, we
implemented another system to check the reliability of our data. After the first round of data
collection, we tasked a research assistant with coding leaders for a randomly selected subset of the
data, stratified by region to ensure geographic coverage. In total, the RA coded 128 leaders, 22 from
Africa, 20 from the Americas, 36 from Asia, 29 from Europe, and 20 from the MENA region.

We then compared the RA’s coding with those provided by experts. Specifically, we recorded
the fraction of variables the RA and experts coded identically for each leader, to create a simple
metric for how similarly the RA and experts coded each leader (where the fraction is calculated using
the number of leader-level features coded by an expert). Figure A.III.1 displays the results of this
exercise as a histogram. The modal leader replicated perfectly. The average (median) correspondence
between expert and RA coding was 93% (95%) of variables matching. Only about 5% of cases exhibit
a variable match rate below 90%; 72% of features are matched in the worst-performing case.
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Figure A.III.1: Experts and RAs show substantial agreement on the identity characteristics of
leaders in this random subset of the data. All but one leader replicates on greater than 80% of
individual-level variables.
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A.III.1.18 Unique Groups Used in Main Analysis
Unique genders (n=2): Female, Male.

Unique religions (n=11): Atheist, Buddhist, Christian, Christian (Catholic), Christian (Or-
thodox), Christian (Protestant), Jewish, Muslim, Muslim (Shia), Muslim (Sunni), Other.

Unique languages (n=312): Aari, Abkhaz, Afar, Afrikaans, Aja, Akan, Albanian, Amharic, Ani,
Arabic, Areare, Armenian, Assamese, Attie, Ayizo, Aymara, Azerbaijani, Baikeno, Bakhtiari, Bal-
anta, Balinese, Balochi, Baluchi, Bambara, Baoule, Bariba, Basankomo, Bashkir, Baskato, Basque,
Bassa, Bavarian, Belarusian, Bemba, Bench, Bengali, Berber languages, Bhojpuri, Bikol, Bissa,
Bobo, Bosnian, Buginese, Bulgarian, Burmese, Bwamu, Catalan, Cebuano, Cham, Chechen, Cheke
Holo, Chewa, Chinese, Creole (English), Creole (French), Creole (Portuguese), Croatian, Czech,
Dagari, Danish, Dendi, Dogon, Domari, Dutch, Dyula, Edo, Efik, Embu, English, Estonian, Ewe,
Fijian, Filipino, Finnish, Fon, French, Fula, Ga, Gagauz, Galician, Gamo, Gbandi, Gbaya, Gedeo,
Georgian, German, Ghari, Gilaki, Gio, Gola, Gourmanchema, Greek, Guarani, Guerze, Gujarati,
Gurage, Gurunsi, Hadiya, Hassaniyya, Hausa, Hazaragi, Hebrew, Herero, Hiligaynon, Hindi, Hindko,
Hmong, Hmong Daw, Hui, Hungarian, Icelandic, Igbo, Ijaw, Ikwere, Ilocano, Indonesian, Italian,
Japanese, Javanese, Jingpho, Jola, Jula, Kadazan, Kafa, Kalanga, Kalenjin, Kamba, Kambaata,
Kannada, Kanuri, Kaonde, Kara-kalpak, Karen, Kashkay, Kazakh, Kgalagadi, Khmer, Khoekhoe,
Khorasani Turkish, Kikuyu, Kinyarwanda, Kisii, Kissi, Kongo, Konkani, Kono, Konso, Korean,
Kpelleh, Krahn, Kru, Kuranko, Kurdish, Kwaio, Kwangali, Kwara’ae, Kyrgyz, Laki, Lala-Bisa,
Lamba, Latin, Latvian, Lau, Lengo, Lezgi, Limba, Lingala, Lithuanian, Lobiri, Lokpa, Lomwe,
Lorma, Lozi, Luba-Kasai, Luba-Katanga, Luhya, Lunda, Luo, Luri, Luvale, Luxembourgish, Maasai,
Macedonian, Madurese, Mahi, Maithili, Makasae, Malagasy, Malay, Malayalam, Maltese, Mambae,
Mambwe-Lungu, Mancanhi, Mande, Mandingo, Maninkakan, Manipuri, Manjaco, Mano, Maori,
Marathi, Marka, Maya, Mayan languages, Mbochi, Mbula, Mehri, Meru, Mijikenda, Minangkabau,
Mingrelian, Miskitu, Mon, Mongo-Nkundu, Mongolian, Moore, Muong, Nafusi, Nahuati, Ndebele,
Ndonga, Nepali, Newari, Ngonde, Norwegian, Nsenga, Nuer, Nung, Nyamwanga, Nyiha, Oriya,
Oromo, Oshiwambo, Ossetian, Pa’o, Pangasinan, Papel, Pashto, Persian, Polish, Portuguese, Pun-
jabi, Quechua, Rajasthani, Rakhine, Romanian, Romany, Rundi, Russian, Saa, Samo, Sango, San-
tali, Sena, Senufo, Serbian, Serbo-Croatian, Serer, Setswana, Shan, Shona, Shuar, Sidamo, Sindhi,
Sinhalese, Slovak, Slovenian, Somali, Somba, Songe, Soninke, Sonrai Djerma, Soso, Sotho, Spanish,
Sundanese, Swahili, Swati, Swedish, Tagalog, Tai Dam, Tajik, Talise, Tamang, Tamil, Tatar, Tay,
Teke, Telugu, Tetum, Thai, Tharu, Tibetan, Tigrinya, Tikopia, Tiv, To’abaita, Toma, Tonga(Nyasa),
Toubou, Tuareg/Tamasheq, Tulu, Tumbuka, Turkish, Turkmen, Tzeltal, Ukrainian, Ukranian, Urdu,
Uyghur, Uzbek, Vai, Vietnamese, Waray-Waray, West Flemish, Wolaita, Wolof, Xhosa, Yao, Yeyi,
Yoruba, Zhuang, Zulu.

Unique ethnicities (n=1009):

Afghanistan: Aimak, Baloch, Gujjar, Hazara, Nuristani, Pashai, Pashtun, Tajik, Tatar, Turkmen,
Uzbek.

Albania: Albanian, Greek Minority Minoriteti Grek, Komuniteti Aam Cham Community, Roma
Community Komuniteti Rom.

Algeria: Arab, Berber.
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Armenia: Armenian, Kurdish.

Australia: Aboriginie, Australian, Chinese, English, German, Greek, Indian, Irish, Italian, Scot-
tish, Other.

Austria: Austrian, Bosnian, German, Serbian, Turkish, Other.

Azerbaijan: Armenian, Azeri, Lezgin, Russian, Talysh.

Bahrain: Ajam, Baharna, Huwala, Sunni Arab.

Bangladesh: Bengali, Other.

Belarus: Belarusian, Polish, Russian, Ukranian, Other.

Belgium: Flemish, Moroccan, Other Mixed, Turkish, Walloon.

Benin: Aja, Baribabargu, Dendi, Fon, Fulanipeul, Yorubanago, Other.

Bolivia: Black, Cholo, Indigenous, Mestizo, White, Other.

Bosnia and Herzegovina: Bosniak, Croat, Serb, Other.

Botswana: Basarwa, Kgalagadi, the Kalanga, Tswana.

Brazil: Amarelos Asian, Branca White, Inda-gena Indigenous, Pardos Multiracial, Pretos Black.

Bulgaria: Bulgarian, Roma, Turkish.

Burkina Faso: Birifor, Bissa, Bobo, Bwaba, Dagari, Dogon, Fulani, Gurma, Gurmantche, Gurunsi,
Kasena, Kurumbafulse, Lele, Lobi, Mande, Marka Dafing, Mossi, Nuni, Sane, Senoufo, Songhai.

Burundi: Hutu, Tutsi, Twa.

Cambodia: Cham, Chinese, Khmer, Vietnamese.

Canada: Aboriginal, American, Canadian, Chinese, English, Filipino, French, German, Irish, Ital-
ian, Other European, Scottish, South Asian, Other.

Cape Verde: Black, Mestizomulatto, White.

Central African Republic: Banda, Gbaya, Mandjia, Mbaka Bwaka, Mbum, Nzandac-nzakara, Sara.

Chile: Indigenous, Mestizo, White.

China, People’s Republic of : Bai, Bouyei, Dai, Dong, Han Chinese, Hani, Hui, Kazak, Korean,
Li, Man, Miao, Mongolian, Tibetan, Tujia, Uyghur, Yao, Yi, Zhuang, Other.
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China, Republic of (Taiwan): Aborigines, the Hakka, the Holo, the Mainland Chinese.

Colombia: Black, Indigenous, Mestizo.

Congo, Democratic Republic of the: Anamongo, Babemba, Baluba, Balubakat, Bangubangu, Ba-
songye, Bayombe, Bazimba, Bekalebwe, Belande, Bena Kiofwe, Bena Milembwe, Beneki, Besi-
ngombe, Cokwe, Fulero, Havu, Hema, Hemba, Hunde, Hutu, Kanyok, Kete, Komo, Kuba, Kusu,
Lamba, Lega Rega, Lele, Lendu, Luluwa, Manyanga Lari, Mbala, Mbuun Mbunda, Mputu, Muzula
Bazula, Nande, Ngbandi, Ngengele, Ngombe, Ntandu, Pende, Ruund, Sakata, Sanga, Shi, Tabwa,
Teke, Tembo, Tetela, Tutsi, Yansi.

Costa Rica: Black, Indigenous, Mulatto, White of Mestizo.

Cote d’Ivoire (Ivory Coast): Akan, Krou, Northern Mande, Voltaic, Western Mande, Other.

Croatia: Croat, Serb, Other.

Cuba: Black, Mulatto and Mestizo, White.

Cyprus: Greek Greek Cypriot, Other.

Czech Republic: Czech, Moravian, Slovak, Other.

Denmark: Danish, Greenlandic or Inuit, Turkish, Other.

Djibouti: Afar, French Arab Ethiopian Italian, Somali.

Dominican Republic: Black, Mulatto, White, Other.

Ecuador : Afro-ecuadorian, Mestizo, Montubio, Native South American, White Ecuadorian, Other.

Egypt: Egyptian, Nubian.

El Salvador : Mestizo, White.

Estonia: Estonian, Russian, Ukrainian, Other.

Ethiopia: Afar, Amhara, Bench, Gamo, Gedeo, Goffa, Gurage, Hadiya, Oromo, Sidama, Silte,
Somali, Tigre, Welaita, Other.

Fiji: European, Indian, Itaukei, Rotuman, Other.

Finland: Finns, Russian, Swede, Other.

France: Algerian, French, French Overseas Departments and Territories, Italian, Moroccan, Por-
tuguese, Spanish, Sub-saharan African, Tunisian, Turkish, Other.

Gabon: Apindji, Baloumbou, Bapounou, Bateke, Duma, Eschira, Fang, French, Kota, Mbetac,
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Mpongwe, Nzebi, Omyene Myene, Tsogo, Vili.

Gambia: Bambara, Fula, Jola, Mandinka, Manjago, Serahule, Serer, Wolof, Other.

Georgia: Armenian, Azeri, Georgian, Russian.

Germany: Austrian, Bosnia-herzegovina, China, Croat, Dutch, German, Greek, Italian, Polish,
Portuguese, Russian, Serbian, Spanish, Turkish, Ukrainian, Us American, Other.

Ghana: Akan, Ewe, Ga-dangbe, Grunsi, Guan, Gurma, Mande, Mole-dagbon, Other.

Greece: Albanian, Greek, Other.

Guatemala: Indigenous Maya, Mestizo, Whitecriolloblanco.

Guinea: Fulanipeul, Guerzekpele, Kisikisie, Mande, Sososusumande Fu, Tomaloma.

Guinea-Bissau: Balanta, Fulani, Mancanhi, Mandinga, Manjaco, Papel, Other.

Guyana: Black, East Indian, Indigenous, Mixed.

Haiti: Black, Mulatto and White.

Honduras: Black, Indigineous, Mestizo, White.

Hungary: German, Hungarian, Roma, Other.

Iceland: White, Other.

India: Assamese Indo-aryan Eastern, Bengali Indo-aryan Eastern, Bhilibhilodi Western Indo-aryan
Language Family, Bihari, Dogri Indo-aryan Northwestern, Gondi Central Dravidian Languages, Gu-
jarati Indo-aryan Western, Gurjar, Hindi Indo-aryan Central, Ho Austroasiatic Language Family,
Kashmiri Indo-aryan Dardic, Khandeshi Indo-aryan Language Family, Khasi Austro-asiatic Family,
Kurukh Northern Dravidian, Maithili Indo-aryan Eastern, Manipuri Tibeto-burman, Marathi Indo-
aryan Southern, Mizo, Mundari Austro-asiatic Family, Nepali Indo-aryan Northern, Oriya Indo-aryan
Eastern, Punjabis Indo-aryan Northwestern, Santhali Munda Family, Sindhi Indo-aryan Northwest-
ern, Tamil Dravidian, Telugu Dravidian, Urdu Muslim Ndo-aryan Central.

Indonesia: Acehnese, Ambonese, Arab, Balinese, Banjar, Bantenese, Batak, Betawi, Bugis, Chinese,
Dayak, Floresian, Gorontalo Hulandalo, Indo Mixed Indonesian and European Ancestry, Javanese,
Madurese, Makassarese, Malay, Mandar, Minahasa, Minangkabau, Moluccan, Papuan, Sasak, Sum-
bawasemawa, Sundanese, Timorese, Other.

Iran, Islamic Republic of : Arab, Armenian, Assyrian, Azari, Bakhtiari, Baluchi, Gilaki, Kurdish,
Lur, Mazandarani, Persian, Turkmen.

Iraq: Arab, Assyrian, Kurdish, Turkoman, Other.
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Ireland: African, Anglican, Asian, Irish, Mixed.

Israel: Arab, Ashkenazi, Bedouin, Druze, Ethiopian, Sephardi.

Italy: Albanian, Asiannon Chinese, Italian, North African, Romanian, Sub-saharan African, Ukrainian,
Other.

Jamaica: Black, British, Chinese, East Indian.

Japan: Japanese, Other.

Jordan: Arab, Armenian, Circassian, Palestinian.

Kazakhstan: German, Kazakh, Russian, Tatar, Ukrainian, Uyghur, Uzbek, Other.

Kenya: Borana, Embu, Kalenjin, Kamba, Kenyan Arab, Kenyan Asian, Kenyan Somali, Kikuyu,
Kisii, Kuria, Luhya, Luo, Maasai, Meru, Mijikenda, Saboat, Samburu, Swahili, Taita, Teso, Tharaka,
Turkana.

Korea, North: Korean.

Korea, South: American, Chinese, Korean, Vietnamese, Other.

Kosovo: Albanian, Serbian.

Kuwait: African, Asian, Kuwaiti, Other Arab, Other.

Kyrgyzstan: Dungan, Kyrgyz, Russian, Uzbek.

Latvia: Belarusian, Latvian, Lithuanian, Polish, Russian, Ukrainian, Other.

Lebanon: Armenian, Druze, Maronite, Palestinian, Shii, Sunni.

Lesotho: Sotho.

Liberia: Bassa, Gio, Gola, Grebo, Kissi, Kpelleh, Kru, Lorma, Mano, Other.

Libya (Libyan Arab Jamahiriya): Arab, Berber, Black African, Tuareg and Toubou, Other.

Lithuania: Belorusian, Lithuanian, Polish, Russian, Other.

Luxembourg: Belgian, French, German, Italian, Luxemburger, Portuguese.

Macedonia: Albanian, Macedonian, Roma, Serbian, Turkish, Vlav.

Madagascar : Chinese, Comoran, French, Indo-pakistanis Karana, Malagasy, Other.

Malawi: Chewa, Lomwe, Ngonde, Nyanja, Other Lambyanyakyusaetc, Sena, Tonga, Tumbuka, Yao.
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Malaysia: Chinese, Indian, Malay, Other Bumiputeraindigenous, Other.

Mali: Bambara, Fulanipeul, Malinke, Songhai, Soninke-sarakole, Tuareg, Voltaic, Other.

Malta: Gozitan, Maltese.

Mauritania: Sonink Black African Mauritanians, Wolof Black African Mauritanians, Other.

Mauritius: Chinese, Creole, Franco-mauritian, Hindu, Muslim, Tamil.

Mexico: Indigenous, Mestizo, White, Other.

Moldova, Republic of : Bulgarian, Gagauz, Moldovan, Romanian, Russian, Ukrainian.

Mongolia: Bayid, Dorvod, Kazakh, Khalkha, Other.

Montenegro: Albanian, Bosniak, Croatian, Montenegrin, Muslim, Serb, Other.

Morocco: Arab, Berber, Other.

Myanmar : Akha, Burman, Chin, Chinese, Indian, Intha, Kachin, Karen, Karenni Kayah, Kokang,
Mon, Pa-o, Padaung, Palaung, Rakhine, Shan, Wa.

Namibia: Afrikaan, Busmen, Caprivi Caprivian, Damara, Herero, Kavango, Nama, Ovambo, San,
White Namibian.

Netherlands: Antillean and Aruban, Dutch, Frisian, German, Indonesian, Moroccan, Surinamese,
Turks, Other.

New Zealand: Chinese, Cook Islander, English, French, Indian, Maori, New Zealander, Samoan,
Tonga.

Nicaragua: Black, Indigenous, Mestizo, White.

Niger : Djerma-sonraa, Haoussa, Kanouri Manga, Peul, Touareg.

Nigeria: Bariba, Berom, Edo Bini, Efik, Eket, Fulani, Gbagi, Hausa, Ibibio, Idoma, Igbo, Ijaw,
Ikon, Ikwere, Isekiri, Kanuri, Oron, Tiv, Yoruba, Other.

Norway: Norwegian, Polish.

Oman: Balochi, Bengali, Indo-pakistani, Omani Arab, Other Arab, Persian, Tamil, Zanzibari, Other.

Pakistan: Baluchi, Mohajir Urdu-speaker, Pashtun, Punjabi, Saraiki, Sindhi, Other.

Palestinian Territory, Occupied: Jew, Palestinian.
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Panama: Afro Panamanian, Indigenous, Mestizo, Mulatto, White.

Paraguay: Indigenous, Mestizo, Mulato, White.

Peru: Afro-peruvian, Amerindian, Asian, Mestizo, White.

Philippines: Chinese, Malay, Other.

Poland: German, Polish, Silesian, Other.

Portugal: Brazilian, Portuguese.

Puerto Rico: Black Hispanic, White Hispanic, Other.

Qatar : Indian, Iranian, Qatari Arab, Other.

Romania: Hungarian, Othergermanjewish, Romani, Romanian.

Russian Federation: Armenian, Avar, Azerbaijani, Bashkir, Belorussian, Buryat, Chechen, Chu-
vash, Darghin, German, Ingush, Kabardinian, Kazakh, Kumyk, Lak, Lezghin, Mari, Mordvinian,
Ossetian, Russian, Tatar, Udmurt, Ukrainian, Yakut.

Rwanda: Hutu, Tutsi, Twa.

Saudi Arabia: Afro-asian, Arab.

Senegal: Balante, Bambara, Diola, Fula, Mandika, Manjack, Maure, Sarakhole, Serer, Wolof, Other.

Serbia: Bosniak, Hungarian, Roma, Serbian, Other.

Sierra Leone: Fula, Kissi, Kono, Krio, Limba, Loko, Mandingo, Mende, Sherbro, Susu, Temne.

Singapore: Chinese, Indian, Malay, Other.

Slovakia: Hungarian, Roma, Slovak.

Slovenia: Croat, Serb, Slovenian, Other.

Solomon Islands: Central Gela, Chinese, Choiseul Lauru, Guadalcanal, Isabel, Kiribati, Maki-
raulawa, Malaita, Rennell and Bellona, Temotu, Western, Other.

Somalia: Bantu and Other Non-somali, Somali.

Somaliland: Somali, Other.

South Africa: Black African, Coloured, Indian or Asian, White.

Spain: Basque, Castellanos, Catalan, Galician.
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Sri Lanka: Indian Tamil, Sinhalese, Sri Lanka Moor, Sri Lanka Tamil, Other.

Sweden: Assyrians, European, Finns, Middle Eastern, South Slavic, Swedish, Other.

Switzerland: Swiss French, Swiss German, Swiss Romansh, Ticinese, Other.

Syria (Syrian Arab Republic): Arab, Kurdish Armenian and Other.

Tajikistan: Tajik, Uzbek.

Thailand: Chinese, Malay, Thai, Other.

Timor-Leste (East Timor): Malay Polynesian, Papuan, Portuguese Mesticoz.

Trinidad and Tobago: African, East Indian, Mixed, Other.

Tunisia: Arab, Berber.

Turkey: Albanian, Arab, Bosniak, Circassian, Georgian, Kurdish, Laz, Pomak, Roma, Turkish,
Zaza.

Turkmenistan: Kazakh, Kurdish, Russian, Turkmen, Uzbek.

Ukraine: Armenian, Belarusian, Bulgarian, Crimean Tatar, Hungarian, Jew, Moldovan, Pole, Rus-
sian, Ukrainian, Other.

United Arab Emirates: Emirati Arab, Expatriates Western East Asian, Other Arab and Persian,
South Asian.

United Kingdom (Great Britain): Asian Other, Bangladeshi, Black African, Black British, Black
Caribbean, Chinese, Indian, Mixed, Pakistani, White, Other.

United States of America: Asian, Black, Hispanic, White, Other.

Uruguay: Black, Mestizo, White.

Uzbekistan: Karakalpak, Kazakh, Korean, Kyrgyz, Russian, Tajik, Tatar, Turkmen, Uzbek.

Venezuela, Bolivarian Republic of : African, Indigenous, Mestizo, White.

Viet Nam: A Aae, Bah Nar, Caa Ho, Cham, Dao, Gia Rai, Hmaong, Hoa, Hrae, Khmer, Kinh,
Maoauung, Mnaong, Naung, Raglai, Saan Chay, Saan Daeu, Ta Y, Thaai, Thau, Xaa Aoang.

Yemen: Afro-arab, Arab, Other.

Zambia: Barotse Lozi, Bemba, Chewa, Eastern Nyanja, Ngoni, Nsenga, Tonga, Tumbuka.
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Zimbabwe: Asian, Ndebele, Other African, Shona, White.

N.B.: Where ethnic groups are closely affiliated, or where categories are overlapping, experts are
asked to determine which distinctions matter most in the country they are coding. Occasionally, a
leader is assigned to multiple ethnic groups; in this case, we adopt the minority identity.
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Appendix IV: Full Regression Tables from Main Text

Table A.IV.1: Main analysis. Outcome: levels of representation (where 1 = perfect representation)
, measured across various identities – ethnicity, religion, language, and gender. Estimator: ordinary
least squares, t-statistics in parentheses, standard errors clustered by country. * denotes p < 0.05.
Missing values were imputed in Model 1 to ensure compatibility across country and standard errors
calculated via the country-level block bootstrap (with the missing data model re-fit on every bootstrap
draw); see main text. In the unit of analysis row, “C” denotes country, “G” denotes group, and “B”
denotes body.

Model 1 Model 2 Model 3 Model 4 Model 5
Expected representation 0.84 (87.42)∗ 0.85 (77.77)∗
Body size (log) 0.04 (12.71)∗ 0.05 (13.54)∗ 0.05 (11.89)∗
Fractionalization -0.67 (-21.68)∗ -0.62 (-12.29)∗ -0.65 (-19.08)∗
Country - Albania -0.10 (-2.27)∗
Country - Algeria -0.04 (-0.96)
Country - Angola 0.10 (2.25)∗
Country - Armenia -0.03 (-0.73)
Country - Australia 0.02 (0.47)
Country - Austria -0.17 (-4.01)∗
Country - Azerbaijan 0.02 (0.40)
Country - Bahrain -0.07 (-1.70)
Country - Bangladesh -0.01 (-0.27)
Country - Belarus 0.00 (-0.08)
Country - Belgium 0.04 (0.90)
Country - Benin -0.07 (-1.59)
Country - Bolivia -0.01 (-0.30)
Country - Bosnia and Herzegovina 0.00 (-0.02)
Country - Botswana -0.05 (-1.22)
Country - Brazil -0.12 (-2.86)∗
Country - Bulgaria 0.03 (0.67)
Country - Burkina Faso -0.09 (-2.10)∗
Country - Burundi 0.00 (-0.01)
Country - Cambodia -0.07 (-1.66)
Country - Canada -0.02 (-0.52)
Country - Cape Verde 0.02 (0.58)
Country - Central African Republic -0.16 (-3.93)∗
Country - Chile -0.05 (-1.18)
Country - China, People’s Republic of 0.00 (-0.06)
Country - China, Republic of - Taiwan -0.06 (-1.42)
Country - Colombia 0.00 (0.06)
Country - Congo -0.09 (-2.12)∗
Country - Congo, Democratic Republic of the -0.07 (-1.77)
Country - Costa Rica 0.03 (0.65)
Country - Cote d’ Ivoire - Ivory Coast 0.03 (0.71)
Country - Croatia 0.05 (1.13)
Country - Cuba -0.05 (-1.17)
Country - Cyprus 0.06 (1.43)
Country - Czech Republic -0.07 (-1.60)
Country - Denmark 0.10 (2.42)∗
Country - Djibouti 0.03 (0.64)
Country - Dominican Republic -0.03 (-0.75)
Country - Ecuador 0.01 (0.14)
Country - Egypt -0.07 (-1.69)
Country - El Salvador 0.01 (0.27)
Country - Estonia 0.04 (1.02)
Country - Ethiopia -0.07 (-1.65)
Country - Fiji -0.02 (-0.51)
Country - Finland 0.05 (1.09)
Country - France 0.01 (0.22)
Country - Gabon 0.00 (-0.03)
Country - Gambia -0.06 (-1.45)
Country - Georgia 0.06 (1.48)
Country - Germany 0.01 (0.23)
Country - Ghana 0.03 (0.65)
Country - Greece -0.01 (-0.35)
Country - Guatemala 0.01 (0.35)
Country - Guinea -0.10 (-2.43)∗
Country - Guinea- Bissau 0.02 (0.53)
Country - Guyana 0.01 (0.20)
Country - Haiti -0.03 (-0.79)
Country - Honduras 0.02 (0.59)
Country - Hungary -0.06 (-1.27)
Country - Iceland 0.07 (1.70)
Country - India 0.06 (1.43)
Country - Indonesia -0.09 (-2.29)∗
Country - Iran, Islamic Republic of 0.07 (1.71)
Country - Iraq 0.03 (0.61)
Country - Ireland -0.01 (-0.30)
Country - Israel -0.01 (-0.36)
Country - Italy -0.01 (-0.27)
Country - Jamaica 0.05 (1.09)
Country - Japan -0.07 (-1.53)
Country - Jordan -0.18 (-4.07)∗
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Table A.IV.1: Main analysis. Outcome: levels of representation (where 1 = perfect representation)
, measured across various identities – ethnicity, religion, language, and gender. Estimator: ordinary
least squares, t-statistics in parentheses, standard errors clustered by country. * denotes p < 0.05.
Missing values were imputed in Model 1 to ensure compatibility across country and standard errors
calculated via the country-level block bootstrap (with the missing data model re-fit on every bootstrap
draw); see main text. In the unit of analysis row, “C” denotes country, “G” denotes group, and “B”
denotes body.

Model 1 Model 2 Model 3 Model 4 Model 5
Country - Kazakhstan -0.01 (-0.16)
Country - Kenya -0.03 (-0.66)
Country - Korea, North -0.02 (-0.58)
Country - Korea, South -0.08 (-1.75)
Country - Kosovo 0.00 (-0.01)
Country - Kuwait -0.14 (-5.01)∗
Country - Kyrgyzstan 0.08 (1.82)
Country - Latvia -0.01 (-0.13)
Country - Lebanon -0.05 (-1.18)
Country - Lesotho 0.00 (0.04)
Country - Liberia 0.04 (1.06)
Country - Libya - Libyan Arab Jamahiriya -0.02 (-0.55)
Country - Lithuania -0.10 (-2.33)∗
Country - Luxembourg 0.05 (1.13)
Country - Macedonia 0.01 (0.29)
Country - Madagascar 0.08 (1.82)
Country - Malawi -0.03 (-0.78)
Country - Malaysia -0.07 (-1.61)
Country - Mali -0.02 (-0.42)
Country - Malta 0.03 (0.79)
Country - Mauritania -0.12 (-2.71)∗
Country - Mauritius -0.07 (-1.57)
Country - Mexico -0.06 (-1.46)
Country - Moldova, Republic of 0.06 (1.44)
Country - Mongolia -0.12 (-2.94)∗
Country - Montenegro -0.07 (-1.83)
Country - Morocco -0.05 (-1.15)
Country - Myanmar -0.11 (-2.74)∗
Country - Namibia 0.05 (1.14)
Country - Nepal -0.03 (-0.57)
Country - Netherlands 0.09 (2.26)∗
Country - New Zealand 0.07 (1.55)
Country - Nicaragua 0.01 (0.23)
Country - Niger 0.04 (0.97)
Country - Nigeria -0.04 (-1.02)
Country - Norway 0.11 (2.56)∗
Country - Oman -0.02 (-0.46)
Country - Pakistan -0.01 (-0.33)
Country - Palestinian Territory, Occupied 0.00 (0.10)
Country - Panama -0.02 (-0.50)
Country - Paraguay -0.04 (-1.00)
Country - Peru 0.00 (0.03)
Country - Philippines 0.04 (0.99)
Country - Poland -0.01 (-0.19)
Country - Portugal 0.01 (0.35)
Country - Puerto Rico 0.07 (1.53)
Country - Qatar -0.04 (-1.02)
Country - Romania 0.02 (0.47)
Country - Russian Federation -0.04 (-0.97)
Country - Rwanda -0.04 (-0.99)
Country - Saudi Arabia -0.03 (-0.57)
Country - Senegal -0.09 (-2.31)∗
Country - Serbia 0.00 (0.05)
Country - Sierra Leone -0.14 (-3.54)∗
Country - Singapore 0.13 (3.10)∗
Country - Slovakia 0.01 (0.27)
Country - Slovenia 0.02 (0.41)
Country - Solomon Islands 0.00 (-0.04)
Country - Somalia -0.05 (-1.02)
Country - Somaliland 0.02 (0.46)
Country - South Africa -0.02 (-0.57)
Country - Spain -0.01 (-0.29)
Country - Sri Lanka -0.05 (-1.25)
Country - Suriname 0.03 (0.67)
Country - Sweden 0.09 (2.16)∗
Country - Switzerland 0.08 (2.13)∗
Country - Syria - Syrian Arab Republic 0.02 (0.40)
Country - Tajikistan -0.07 (-1.60)
Country - Thailand -0.11 (-2.35)∗
Country - Timor- Leste - East Timor -0.09 (-2.08)∗
Country - Trinidad and Tobago 0.17 (4.10)∗
Country - Tunisia -0.02 (-0.41)
Country - Turkey 0.00 (0.00)
Country - Turkmenistan 0.00 (0.02)
Country - Ukraine -0.02 (-0.49)
Country - United Arab Emirates -0.05 (-1.96)
Country - United Kingdom - Great Britain -0.04 (-0.85)
Country - United States of America -0.01 (-0.19)
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Table A.IV.1: Main analysis. Outcome: levels of representation (where 1 = perfect representation)
, measured across various identities – ethnicity, religion, language, and gender. Estimator: ordinary
least squares, t-statistics in parentheses, standard errors clustered by country. * denotes p < 0.05.
Missing values were imputed in Model 1 to ensure compatibility across country and standard errors
calculated via the country-level block bootstrap (with the missing data model re-fit on every bootstrap
draw); see main text. In the unit of analysis row, “C” denotes country, “G” denotes group, and “B”
denotes body.

Model 1 Model 2 Model 3 Model 4 Model 5
Country - Uruguay -0.01 (-0.13)
Country - Uzbekistan 0.00 (-0.03)
Country - Venezuela, Bolivarian Republic of -0.02 (-0.47)
Country - Viet Nam -0.01 (-0.35)
Country - Yemen 0.07 (1.69)
Country - Zambia 0.00 (0.11)
Country - Zimbabwe 0.00 (0.07)
Body Type - Executive 0.07 (1.48) 0.07 (2.90)∗
Body Type - Lower House -0.07 (-3.51)∗ -0.03 (-1.25)
Body Type - Party -0.03 (-1.62) 0.01 (0.26)
Body Type - Supreme Court 0.03 (3.28)∗ 0.02 (2.40)∗
Body Type - Upper House -0.01 (-0.63) 0.00 (-0.13)
Selection Rule - 2 0.02 (1.41) 0.02 (1.27)
Selection Rule - 3 0.05 (2.45)∗ 0.06 (2.94)∗
Selection Rule - 4 -0.04 (-0.83) -0.01 (-0.48)
Selection Rule - 5 0.01 (0.29) 0.03 (0.65)
Selection Rule - 6 0.03 (1.26) 0.07 (2.73)∗
Group Type - Gender 0.00 (-0.23) 0.00 (0.27)
Group Type - Language -0.01 (-0.89) -0.01 (-1.10)
Group Type - Religion -0.04 (-1.60) -0.04 (-1.54)
Gender Quotas - 1 -0.02 (-0.90) 0.00 (-0.19)
Gender Quotas - 2 0.03 (1.76) -0.02 (-1.05)
Gender Quotas - 3 0.03 (1.33) 0.01 (0.90)
Gender Quotas - 4 0.05 (1.24) 0.04 (1.52)
Ethnic Quotas - 1 -0.03 (-1.18) -0.03 (-1.41)
Round 2 Indicator 0.01 (3.43)∗ 0.01 (2.95)∗
Lexical index 0.01 (3.02)∗
Population (log) 0.00 (-0.49)
GDP per capita (log) 0.01 (0.83)
Gini index 0.00 (-1.48)
Adjusted R-squared 0.55 0.37 0.43 0.48 0.45
Observations 156 6461 6461 6461 6461
Countries 156 156 156 156 156

Table A.IV.2: Implications of the main analysis. Outcome: representation, measured for each
identity – ethnicity, religion, language, and gender. Higher values indicate better representation.
Estimator: ordinary least squares, t-statistics in parentheses, standard errors clustered by country.
* denotes p < 0.05

Entire (1) Parties Only (2) Entire (3) Entire (4)
Cabinet 0.05 (0.75)
Lower house 0.05 (1.09)
Party -0.07 (-1.39)
Supreme court 0.03 (0.43)
Upper house 0.04 (0.78)
Fractionalization -0.63 (-12.91)∗ -0.66 (-11.19)∗
Selection Rule - 2 0.00 (0.20) 0.02 (1.43) 0.03 (1.93)
Selection Rule - 3 0.03 (1.46) 0.05 (2.28)∗ 0.05 (2.16)∗
Selection Rule - 4 -0.09 (-1.76) -0.04 (-0.73) -0.01 (-0.28)
Selection Rule - 5 0.01 (0.19) 0.00 (0.16) 0.00 (0.05)
Selection Rule - 6 -0.02 (-0.45) 0.02 (1.21) 0.02 (1.01)
Gender Quotas - 1 -0.01 (-0.63) -0.01 (-0.43) -0.03 (-0.67)
Gender Quotas - 2 0.03 (1.84) 0.03 (0.96) 0.01 (0.24)
Gender Quotas - 3 0.03 (1.54) 0.04 (1.57) 0.00 (0.09)
Gender Quotas - 4 0.05 (1.28) 0.06 (1.65) 0.07 (1.72)
Group Type - Gender 0.00 (-0.15) 0.04 (2.68)∗ -0.10 (-6.47)∗ -0.09 (-2.83)∗
Group Type - Language -0.02 (-1.22) 0.01 (0.52) -0.01 (-0.34) 0.03 (1.10)
Group Type - Religion -0.05 (-1.96)∗ -0.01 (-0.54) -0.06 (-2.22)∗ -0.03 (-1.16)
Country - Albania -0.10 (-2.08)∗ -0.05 (-3.36)∗ -0.06 (-1.39) 0.06 (1.44)
Country - Algeria -0.06 (-1.27) 0.05 (3.88)∗ -0.03 (-0.59) 0.08 (1.98)∗
Country - Angola 0.09 (1.98)∗ 0.14 (11.85)∗ 0.11 (2.23)∗ 0.16 (3.11)∗
Country - Armenia -0.03 (-0.52) 0.06 (3.47)∗ 0.00 (-0.03) 0.15 (3.47)∗
Country - Australia 0.04 (0.78) 0.07 (8.06)∗ 0.06 (1.29) 0.04 (1.05)
Country - Austria -0.16 (-3.47)∗ -0.14 (-3.06)∗ -0.04 (-1.18)
Country - Azerbaijan -0.04 (-0.87) 0.06 (4.25)∗ 0.05 (1.15) 0.18 (4.82)∗
Country - Bahrain -0.06 (-1.31) -0.07 (-1.67) -0.08 (-1.92)
Country - Bangladesh 0.00 (-0.05) -0.20 (-12.32)∗ 0.01 (0.23) 0.12 (2.35)∗
Country - Belarus -0.07 (-1.52) 0.00 (0.08) 0.06 (1.47)
Country - Belgium 0.01 (0.28) 0.08 (22.00)∗ 0.01 (0.16) 0.05 (1.30)
Country - Benin -0.10 (-2.11)∗ -0.02 (-1.39) -0.05 (-1.00) -0.12 (-3.20)∗
Country - Bolivia -0.01 (-0.30) 0.10 (16.08)∗ 0.00 (-0.06) 0.06 (1.34)
Country - Bosnia and Herzegovina -0.05 (-1.01) 0.01 (1.96)∗ -0.05 (-1.17) -0.03 (-0.66)
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Table A.IV.2: Implications of the main analysis. Outcome: representation, measured for each
identity – ethnicity, religion, language, and gender. Higher values indicate better representation.
Estimator: ordinary least squares, t-statistics in parentheses, standard errors clustered by country.
* denotes p < 0.05

Entire (1) Parties Only (2) Entire (3) Entire (4)
Country - Botswana -0.08 (-1.63) 0.04 (4.40)∗ -0.03 (-0.77) 0.03 (0.65)
Country - Brazil -0.10 (-2.10)∗ -0.05 (-5.16)∗ -0.13 (-2.90)∗ -0.09 (-2.08)∗
Country - Bulgaria 0.03 (0.63) 0.08 (8.18)∗ 0.04 (1.01) 0.13 (3.45)∗
Country - Burkina Faso -0.13 (-2.75)∗ -0.04 (-4.25)∗ -0.01 (-0.14) -0.07 (-1.57)
Country - Burundi -0.03 (-0.61) 0.04 (4.05)∗ 0.01 (0.16) 0.09 (1.79)
Country - Cambodia -0.06 (-1.27) -0.04 (-0.85) 0.06 (1.41)
Country - Canada -0.01 (-0.21) 0.04 (3.54)∗ 0.02 (0.49) -0.03 (-0.70)
Country - Cape Verde 0.00 (0.02) 0.07 (4.96)∗ 0.04 (0.78) 0.13 (3.16)∗
Country - Central African Republic -0.23 (-5.00)∗ -0.12 (-18.13)∗ -0.17 (-3.79)∗ -0.15 (-3.88)∗
Country - Chile -0.05 (-1.15) -0.06 (-1.29) -0.01 (-0.30)
Country - China, People’s Republic of 0.06 (1.11) 0.06 (5.11)∗ 0.05 (0.97) 0.22 (5.24)∗
Country - China, Republic of - Taiwan -0.04 (-0.82) 0.04 (3.35)∗ -0.05 (-1.02) 0.03 (0.81)
Country - Colombia -0.03 (-0.60) 0.03 (2.84)∗ 0.01 (0.19) 0.10 (2.46)∗
Country - Congo -0.09 (-1.85) -0.08 (-1.69) -0.05 (-1.14)
Country - Congo, Democratic Republic of the -0.16 (-3.53)∗ 0.02 (1.64) 0.10 (2.02)∗ 0.13 (1.20)
Country - Costa Rica -0.01 (-0.19) 0.07 (5.56)∗ 0.05 (1.03) 0.16 (3.60)∗
Country - Cote d’ Ivoire - Ivory Coast 0.05 (1.01) 0.06 (5.05)∗ 0.03 (0.70) -0.04 (-0.96)
Country - Croatia 0.01 (0.31) 0.09 (8.43)∗ 0.06 (1.25) 0.17 (4.28)∗
Country - Cuba 0.02 (0.37) -0.06 (-3.12)∗ -0.05 (-1.22) -0.01 (-0.17)
Country - Cyprus 0.02 (0.45) 0.21 (8.59)∗ 0.05 (1.14) 0.13 (3.20)∗
Country - Czech Republic -0.06 (-1.34) -0.04 (-0.79) 0.07 (1.94)
Country - Denmark 0.10 (2.16)∗ 0.15 (10.46)∗ 0.13 (2.91)∗ 0.26 (6.82)∗
Country - Djibouti -0.01 (-0.30) 0.07 (22.72)∗ 0.01 (0.19) 0.06 (1.43)
Country - Dominican Republic -0.05 (-1.00) 0.08 (10.15)∗ -0.02 (-0.53) 0.04 (0.90)
Country - Ecuador -0.03 (-0.57) 0.11 (10.84)∗ 0.03 (0.64) 0.11 (2.63)∗
Country - Egypt -0.05 (-0.98) -0.04 (-0.95) 0.07 (1.59)
Country - El Salvador -0.01 (-0.26) 0.06 (7.94)∗ 0.02 (0.35) 0.09 (2.35)∗
Country - Estonia 0.07 (1.52) 0.11 (12.54)∗ 0.02 (0.40) 0.07 (1.74)
Country - Ethiopia -0.06 (-1.22) -0.08 (-5.69)∗ -0.03 (-0.54) -0.05 (-1.10)
Country - Fiji -0.05 (-1.11) -0.05 (-1.20) -0.01 (-0.34)
Country - Finland 0.07 (1.58) 0.08 (5.67)∗ 0.07 (1.58) 0.18 (4.55)∗
Country - France 0.02 (0.42) 0.06 (1.23) 0.19 (4.73)∗
Country - Gabon -0.02 (-0.51) 0.03 (0.68) 0.03 (0.86)
Country - Gambia -0.10 (-2.14)∗ -0.02 (-1.20) -0.05 (-1.05) -0.10 (-2.67)∗
Country - Georgia 0.02 (0.49) 0.17 (16.78)∗ 0.09 (1.95) 0.17 (4.24)∗
Country - Germany 0.09 (1.87) 0.06 (4.27)∗ 0.05 (1.03) 0.18 (4.56)∗
Country - Ghana 0.04 (0.80) 0.01 (0.76) 0.03 (0.66) -0.01 (-0.39)
Country - Greece 0.01 (0.28) 0.03 (2.08)∗ 0.01 (0.28) 0.15 (3.84)∗
Country - Guatemala -0.02 (-0.43) 0.09 (24.13)∗ -0.02 (-0.50) 0.03 (0.66)
Country - Guinea -0.15 (-3.26)∗ -0.01 (-0.55) -0.10 (-2.20)∗ -0.13 (-3.46)∗
Country - Guinea- Bissau 0.03 (0.58) 0.09 (6.44)∗ 0.03 (0.67) -0.08 (-2.13)∗
Country - Guyana 0.00 (0.04) 0.05 (13.96)∗ 0.00 (0.11) 0.02 (0.45)
Country - Haiti -0.07 (-1.51) 0.01 (1.22) -0.01 (-0.19) 0.08 (1.96)
Country - Honduras 0.02 (0.51) 0.10 (8.89)∗ 0.05 (1.16) 0.16 (4.05)∗
Country - Hungary -0.02 (-0.52) 0.04 (2.98)∗ -0.02 (-0.53) 0.12 (2.99)∗
Country - Iceland 0.05 (1.05) 0.11 (6.74)∗ 0.11 (2.43)∗ 0.25 (6.45)∗
Country - India 0.06 (1.38) 0.14 (3.05)∗ 0.14 (2.55)∗
Country - Indonesia -0.04 (-0.85) -0.01 (-0.79) -0.03 (-0.73) -0.03 (-0.59)
Country - Iran, Islamic Republic of 0.02 (0.43) 0.16 (14.00)∗ 0.11 (2.53)∗ 0.11 (2.89)∗
Country - Iraq 0.04 (0.80) 0.02 (0.37) 0.10 (2.43)∗
Country - Ireland -0.02 (-0.44) 0.00 (0.13) 0.01 (0.28) 0.09 (2.16)∗
Country - Israel -0.02 (-0.53) 0.05 (23.81)∗ -0.02 (-0.50) 0.00 (-0.07)
Country - Italy 0.00 (0.05) 0.03 (0.58) 0.15 (3.85)∗
Country - Jamaica 0.06 (1.30) 0.10 (9.76)∗ 0.07 (1.64) 0.17 (4.44)∗
Country - Japan -0.05 (-1.09) -0.04 (-0.80) 0.08 (2.00)∗
Country - Jordan -0.17 (-3.31)∗ -0.20 (-4.08)∗ -0.14 (-2.96)∗
Country - Kazakhstan -0.02 (-0.40) 0.04 (4.80)∗ 0.00 (0.02) 0.02 (0.55)
Country - Kenya -0.06 (-1.14) -0.06 (-4.50)∗ 0.03 (0.64) -0.05 (-1.05)
Country - Korea, North -0.03 (-0.59) 0.00 (0.05) 0.13 (3.00)∗
Country - Korea, South -0.08 (-1.63) -0.01 (-1.67) -0.06 (-1.27) 0.04 (0.88)
Country - Kosovo -0.03 (-0.72) 0.06 (4.14)∗ 0.03 (0.56) 0.15 (3.90)∗
Country - Kuwait -0.14 (-4.39)∗ -0.16 (-5.43)∗ -0.16 (-6.22)∗
Country - Kyrgyzstan 0.08 (1.69) 0.15 (20.61)∗ 0.07 (1.60) 0.14 (3.46)∗
Country - Latvia -0.02 (-0.44) 0.05 (11.26)∗ -0.02 (-0.38) -0.01 (-0.20)
Country - Lebanon -0.08 (-1.77) 0.00 (-2.29)∗ -0.05 (-1.11) -0.04 (-1.13)
Country - Lesotho -0.03 (-0.61) 0.09 (9.59)∗ 0.02 (0.46) 0.13 (2.97)∗
Country - Liberia 0.02 (0.47) 0.09 (1.88) 0.00 (-0.02)
Country - Libya - Libyan Arab Jamahiriya -0.04 (-0.85) 0.00 (-0.04) 0.08 (2.14)∗
Country - Lithuania -0.10 (-2.10)∗ -0.05 (-5.54)∗ -0.07 (-1.60) 0.01 (0.28)
Country - Luxembourg 0.03 (0.65) 0.13 (15.99)∗ 0.06 (1.33) 0.05 (1.43)
Country - Macedonia -0.04 (-0.78) 0.06 (16.01)∗ 0.00 (-0.04) 0.05 (1.20)
Country - Madagascar 0.02 (0.39) 0.17 (9.37)∗ 0.13 (2.56)∗ 0.27 (6.19)∗
Country - Malawi -0.05 (-1.00) 0.02 (3.14)∗ -0.01 (-0.31) -0.01 (-0.21)
Country - Malaysia -0.10 (-2.17)∗ -0.05 (-10.88)∗ -0.08 (-1.82) -0.09 (-2.23)∗
Country - Mali -0.06 (-1.25) 0.04 (3.78)∗ 0.01 (0.30) -0.04 (-1.08)
Country - Malta 0.02 (0.46) 0.04 (3.10)∗ 0.06 (1.34) 0.18 (4.37)∗
Country - Mauritania -0.10 (-2.15)∗ -0.11 (-2.37)∗ -0.08 (-1.75)
Country - Mauritius -0.11 (-2.35)∗ -0.06 (-38.97)∗ -0.07 (-1.62) -0.06 (-1.49)
Country - Mexico -0.02 (-0.47) 0.05 (4.15)∗ -0.06 (-1.39) -0.01 (-0.16)
Country - Moldova, Republic of 0.05 (1.05) 0.11 (24.99)∗ 0.07 (1.65) 0.11 (3.04)∗
Country - Mongolia -0.12 (-2.51)∗ -0.10 (-2.25)∗ -0.03 (-0.65)
Country - Montenegro -0.10 (-2.32)∗ -0.05 (-8.42)∗ -0.06 (-1.47) -0.02 (-0.60)
Country - Morocco -0.06 (-1.31) 0.04 (6.04)∗ -0.09 (-1.89) -0.03 (-0.80)
Country - Myanmar -0.11 (-2.36)∗ -0.07 (-1.55) -0.02 (-0.58)

4



Table A.IV.2: Implications of the main analysis. Outcome: representation, measured for each
identity – ethnicity, religion, language, and gender. Higher values indicate better representation.
Estimator: ordinary least squares, t-statistics in parentheses, standard errors clustered by country.
* denotes p < 0.05

Entire (1) Parties Only (2) Entire (3) Entire (4)
Country - Namibia 0.04 (0.98) 0.07 (1.64) 0.03 (0.82)
Country - Nepal -0.01 (-0.13) -0.02 (-0.44) 0.02 (0.45)
Country - Netherlands 0.07 (1.52) 0.13 (2.91)∗ 0.19 (5.09)∗
Country - New Zealand 0.05 (1.09) 0.14 (43.83)∗ 0.07 (1.63) 0.10 (2.57)∗
Country - Nicaragua -0.01 (-0.30) 0.03 (3.73)∗ 0.02 (0.51) 0.09 (2.36)∗
Country - Niger 0.02 (0.46) 0.10 (10.11)∗ 0.02 (0.53) 0.02 (0.60)
Country - Nigeria -0.04 (-0.80) 0.01 (0.21) -0.03 (-0.63)
Country - Norway 0.11 (2.43)∗ 0.16 (9.99)∗ 0.14 (3.11)∗ 0.26 (6.50)∗
Country - Oman -0.01 (-0.17) 0.02 (0.36) 0.00 (0.01)
Country - Pakistan 0.00 (0.09) 0.00 (-0.09) -0.04 (-0.89)
Country - Palestinian Territory, Occupied -0.01 (-0.20) 0.12 (10.00)∗ 0.03 (0.56) 0.13 (3.05)∗
Country - Panama -0.03 (-0.67) 0.09 (13.01)∗ -0.01 (-0.29) 0.03 (0.69)
Country - Paraguay -0.05 (-1.08) 0.07 (10.27)∗ -0.06 (-1.31) 0.01 (0.21)
Country - Peru -0.02 (-0.40) 0.06 (13.51)∗ -0.02 (-0.46) 0.03 (0.84)
Country - Philippines -0.02 (-0.34) 0.14 (17.84)∗ 0.08 (1.65) 0.14 (3.34)∗
Country - Poland 0.03 (0.57) 0.05 (2.95)∗ 0.03 (0.60) 0.18 (4.34)∗
Country - Portugal 0.03 (0.59) 0.09 (6.74)∗ 0.04 (0.83) 0.15 (3.45)∗
Country - Puerto Rico 0.03 (0.62) 0.08 (1.72) 0.17 (4.02)∗
Country - Qatar -0.06 (-1.33) -0.03 (-0.74) -0.02 (-0.47)
Country - Romania 0.04 (0.77) 0.05 (1.07) 0.14 (3.47)∗
Country - Russian Federation -0.02 (-0.40) 0.02 (0.56) 0.16 (3.35)∗
Country - Rwanda -0.06 (-1.29) 0.01 (1.23) -0.03 (-0.71) 0.05 (1.06)
Country - Saudi Arabia -0.03 (-0.51) 0.00 (-0.01) 0.10 (2.30)∗
Country - Senegal -0.15 (-3.17)∗ 0.00 (-0.43) -0.08 (-1.87) -0.10 (-2.65)∗
Country - Serbia -0.04 (-0.79) 0.05 (4.55)∗ 0.02 (0.48) 0.14 (3.44)∗
Country - Sierra Leone -0.14 (-3.14)∗ -0.17 (-18.50)∗ -0.12 (-2.82)∗ -0.12 (-3.25)∗
Country - Singapore 0.11 (2.35)∗ 0.19 (34.35)∗ 0.11 (2.64)∗ 0.13 (3.35)∗
Country - Slovakia 0.01 (0.24) 0.05 (4.39)∗ 0.03 (0.58) 0.12 (3.09)∗
Country - Slovenia 0.00 (0.06) 0.02 (0.34) 0.11 (2.59)∗
Country - Solomon Islands -0.07 (-1.40) 0.05 (3.39)∗ 0.04 (0.92) -0.08 (-2.16)∗
Country - Somalia -0.06 (-1.09) -0.05 (-0.89) 0.03 (0.61)
Country - Somaliland -0.03 (-0.69) 0.06 (1.27) 0.21 (4.96)∗
Country - South Africa -0.04 (-0.79) 0.00 (0.71) -0.01 (-0.20) 0.00 (0.04)
Country - Spain 0.00 (-0.10) -0.01 (-0.27) 0.04 (1.01)
Country - Sri Lanka -0.03 (-0.72) -0.04 (-0.87) 0.00 (0.12)
Country - Suriname 0.00 (0.01) 0.05 (1.01) 0.09 (2.08)∗
Country - Sweden 0.11 (2.35)∗ 0.14 (13.69)∗ 0.12 (2.78)∗ 0.22 (6.05)∗
Country - Switzerland 0.08 (1.88) 0.14 (53.18)∗ 0.07 (1.76) 0.10 (2.66)∗
Country - Syria - Syrian Arab Republic 0.03 (0.61) 0.04 (0.78) 0.13 (3.14)∗
Country - Tajikistan -0.08 (-1.70) -0.06 (-1.40) 0.02 (0.45)
Country - Thailand -0.07 (-1.44) -0.03 (-1.64) -0.06 (-1.31) 0.08 (1.86)
Country - Timor- Leste - East Timor -0.12 (-2.50)∗ -0.03 (-2.28)∗ -0.07 (-1.55) 0.03 (0.73)
Country - Trinidad and Tobago 0.18 (3.96)∗ 0.15 (3.38)∗ 0.13 (3.35)∗
Country - Tunisia -0.01 (-0.19) 0.08 (5.96)∗ 0.00 (0.09) 0.14 (3.05)∗
Country - Turkey 0.04 (0.84) 0.05 (5.00)∗ 0.03 (0.71) 0.12 (3.09)∗
Country - Turkmenistan 0.03 (0.70) 0.00 (0.18) 0.02 (0.49) 0.11 (2.69)∗
Country - Ukraine -0.01 (-0.13) 0.09 (12.26)∗ -0.02 (-0.55) 0.07 (1.79)
Country - United Arab Emirates -0.06 (-2.02)∗ 0.14 (8.14)∗ -0.03 (-1.00) -0.03 (-1.30)
Country - United Kingdom - Great Britain -0.01 (-0.23) 0.01 (0.13) 0.13 (3.33)∗
Country - United States of America 0.05 (1.06) 0.05 (2.63)∗ 0.01 (0.13) 0.03 (0.79)
Country - Uruguay -0.03 (-0.55) -0.03 (-2.23)∗ 0.01 (0.29) 0.11 (2.65)∗
Country - Uzbekistan 0.00 (-0.04) 0.04 (0.85) 0.14 (3.44)∗
Country - Venezuela, Bolivarian Republic of -0.05 (-1.03) 0.07 (5.95)∗ -0.02 (-0.34) 0.09 (2.15)∗
Country - Viet Nam 0.03 (0.56) 0.01 (0.67) 0.04 (0.93) 0.18 (3.99)∗
Country - Yemen 0.07 (1.49) 0.08 (1.77) 0.21 (4.85)∗
Country - Zambia 0.00 (0.04) 0.03 (1.99)∗ 0.04 (0.91) -0.04 (-1.01)
Country - Zimbabwe 0.00 (0.08) 0.01 (0.24) 0.08 (1.76)
Round 2 Indicator 0.00 (-0.05) 0.02 (3.49)∗ 0.01 (3.01)∗ 0.01 (2.47)∗
Body size (log) 0.05 (12.30)∗ 0.05 (13.59)∗ 0.05 (13.90)∗
Group entropy -0.18 (-9.36)∗
Body Type - Executive 0.07 (1.33) 0.04 (0.86)
Body Type - Lower House -0.07 (-3.57)∗ -0.08 (-4.11)∗
Body Type - Party -0.03 (-1.79) -0.05 (-2.68)∗
Body Type - Supreme Court 0.03 (3.31)∗ 0.03 (3.48)∗
Body Type - Upper House -0.01 (-0.58) -0.02 (-0.64)
# of groups -0.01 (-2.92)∗
Adjusted R-squared 0.44 0.49 0.47 0.36
Observations 6461 4107 6461 6461
Countries 156 109 156 156

Table A.IV.3: Analysis by group identity. Outcome: representation index. Higher values indicate
better representation. Estimator: ordinary least squares, t-statistics in parentheses, standard errors
clustered by country. * denotes p < 0.05

Ethnicity (1) Religion (2) Language (3) Gender (4) Ethnicity+Gender (5)
Body size (log) 0.06 (8.50)∗ 0.02 (1.28) 0.05 (6.89)∗ 0.05 (14.49)∗ 0.08 (17.60)∗
Fractionalization -0.70 (-22.81)∗ -0.70 (-5.98)∗ -0.61 (-10.96)∗ -0.94 (-3.18)∗ -0.85 (-17.03)∗
Selection Rule - 2 -0.04 (-1.65) 0.02 (0.32) 0.08 (1.67) 0.02 (1.12) 0.00 (0.18)
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Table A.IV.3: Analysis by group identity. Outcome: representation index. Higher values indicate
better representation. Estimator: ordinary least squares, t-statistics in parentheses, standard errors
clustered by country. * denotes p < 0.05

Ethnicity (1) Religion (2) Language (3) Gender (4) Ethnicity+Gender (5)
Selection Rule - 3 0.01 (0.17) 0.11 (1.11) 0.11 (2.43)∗ 0.01 (0.70) 0.01 (0.60)
Selection Rule - 4 -0.08 (-3.27)∗ -0.02 (-0.16) 0.03 (0.63) 0.05 (1.89) -0.02 (-0.62)
Selection Rule - 5 0.02 (0.41) 0.29 (0.95) -0.31 (-0.87) 0.05 (1.55) 0.03 (0.76)
Selection Rule - 6 0.02 (0.46) 0.11 (0.90) 0.07 (0.98) 0.06 (2.92)∗ 0.06 (1.50)
Lexical index 0.01 (2.03)∗ 0.01 (0.65) 0.01 (0.99) 0.01 (3.25)∗ 0.01 (3.96)∗
Ethnic Quotas - 1 -0.01 (-0.45) -0.01 (-0.61)
Population (log) 0.00 (-0.99) 0.00 (-0.12) 0.02 (1.93) -0.01 (-2.98)∗ -0.01 (-2.86)∗
GDP per capita (log) -0.01 (-1.37) 0.02 (0.67) 0.01 (0.60) 0.01 (1.94) 0.00 (0.04)
Gini index 0.00 (-1.57) 0.00 (0.02) 0.00 (-0.22) 0.00 (-0.81) 0.00 (-1.71)
Body Type - Executive 0.13 (3.23)∗ 0.00 (0.04) 0.07 (1.62)
Body Type - Lower House -0.02 (-0.53) 0.02 (0.16) -0.07 (-1.27) -0.04 (-1.89) -0.07 (-1.87)
Body Type - Party -0.02 (-0.55) 0.04 (0.38) -0.04 (-0.72) 0.04 (2.06)∗ 0.00 (0.00)
Body Type - Supreme Court 0.00 (-0.02) 0.00 (-0.08) 0.00 (0.10) 0.07 (5.09)∗ 0.05 (3.26)∗
Body Type - Upper House 0.00 (0.00) -0.10 (-0.38) -0.05 (-1.04) 0.00 (-0.03) -0.02 (-0.58)
Round 2 Indicator 0.00 (0.48) 0.01 (2.54)∗ 0.01 (0.85)
Gender Quotas - 1 0.00 (0.28) -0.01 (-0.90)
Gender Quotas - 2 -0.02 (-1.25) -0.03 (-0.95)
Gender Quotas - 3 0.01 (0.63) -0.03 (-2.01)∗
Gender Quotas - 4 0.03 (1.02) 0.00 (-0.06)
Adjusted R-squared 0.56 0.26 0.55 0.28 0.61
Observations 2019 845 1364 2233 1871
Countries 152 107 133 153 148

Table A.IV.4: Analysis in varying contexts. Outcome: representation, measured for each identity
– ethnicity, religion, language, and gender. Higher values indicate better representation. Estimator:
ordinary least squares, t-statistics in parentheses, standard errors clustered by country. * denotes
p < 0.05

Elected (1) Unelected (2) Dem. (3) Non-Dem. (4) R. 1 (5) R. 2 (6)
Body size (log) 0.04 (12.91)∗ 0.02 (3.93)∗ 0.04 (11.48)∗ 0.04 (8.26)∗ 0.05 (12.91)∗ 0.05 (14.92)∗
Fractionalization -0.69 (-17.29)∗ -0.60 (-18.88)∗ -0.64 (-13.90)∗ -0.72 (-15.95)∗ -0.72 (-20.96)∗ -0.68 (-19.99)∗
Lexical index 0.01 (2.85)∗ 0.01 (2.34)∗ 0.01 (2.58)∗ 0.01 (3.84)∗
Population (log) 0.00 (0.37) 0.00 (-0.06) 0.00 (-0.25) -0.01 (-1.57) -0.01 (-2.05)∗ -0.01 (-2.50)∗
Gender Quotas - 1 0.00 (-0.17) 0.01 (0.39) -0.01 (-0.53) 0.03 (1.25) 0.02 (1.40) -0.02 (-0.79)
Gender Quotas - 2 -0.04 (-2.11)∗ 0.03 (1.21) -0.02 (-0.91) 0.05 (2.40)∗ 0.00 (0.17) -0.02 (-1.12)
Gender Quotas - 3 0.01 (0.77) 0.03 (1.57) 0.02 (1.11) -0.02 (-0.66) 0.02 (1.27) 0.01 (0.70)
Gender Quotas - 4 0.05 (2.08)∗ -0.02 (-0.43) -0.01 (-0.34) 0.05 (1.76) 0.03 (1.11) 0.03 (0.99)
Ethnic Quotas - 1 -0.04 (-2.06)∗ 0.05 (1.59) -0.02 (-1.04) -0.06 (-2.02)∗ -0.04 (-1.84) -0.01 (-0.26)
GDP per capita (log) 0.01 (0.87) 0.00 (0.56) 0.00 (0.41) 0.02 (1.90) 0.00 (-0.04) 0.01 (1.39)
Gini index 0.00 (-1.25) 0.00 (-0.40) 0.00 (-1.40) 0.00 (-1.63) 0.00 (-1.87) 0.00 (-1.19)
Group Type - Gender 0.00 (0.35) 0.00 (0.09) 0.01 (0.38) -0.01 (-0.38) 0.00 (-0.05) 0.02 (1.17)
Group Type - Language -0.02 (-1.62) -0.01 (-0.51) -0.01 (-0.98) -0.02 (-0.70)
Group Type - Religion -0.04 (-1.49) -0.08 (-2.15)∗ -0.04 (-1.09) -0.08 (-2.02)∗
Round 2 Indicator 0.01 (1.26) 0.01 (0.98) 0.01 (2.93)∗ 0.00 (0.23)
Selection Rule - 2 0.02 (1.23) 0.05 (1.69) -0.02 (-1.35) 0.00 (0.02)
Selection Rule - 3 0.07 (2.98)∗ 0.02 (0.69) -0.01 (-0.40) 0.02 (0.95)
Selection Rule - 4 0.05 (2.28)∗ 0.04 (1.60) 0.02 (0.82) 0.04 (2.13)∗
Selection Rule - 5 0.00 (0.07) 0.07 (2.66)∗ 0.02 (1.04) 0.05 (2.48)∗
Selection Rule - 6 0.08 (4.72)∗ 0.06 (2.78)∗ 0.04 (2.73)∗ 0.06 (3.89)∗
Adjusted R-squared 0.44 0.40 0.43 0.51 0.49 0.46
Observations 5176 1285 4934 1527 2313 1939
Countries 156 155 102 54 152 150

Table A.IV.5: Heterogeneity analysis by region. Outcome: representation, measured for each
identity – ethnicity, religion, language, and gender. Higher values indicate better representation.
Estimator: ordinary least squares, t-statistics in parentheses, standard errors clustered by country.
* denotes p < 0.05

OECD (1) Non-OECD (2) Americas (3) Asia (4) Europe (5) MENA (6)
Body size (log) 0.04 (6.73)∗ 0.04 (13.08)∗ 0.04 (6.72)∗ 0.03 (5.90)∗ 0.04 (6.29)∗ 0.05 (9.80)∗
Fractionalization -0.67 (-12.15)∗ -0.67 (-17.79)∗ -0.74 (-13.43)∗ -0.62 (-9.40)∗ -0.52 (-14.11)∗ -0.71 (-12.73)∗
Lexical index -0.04 (-4.87)∗ 0.01 (3.45)∗ 0.01 (5.04)∗ 0.00 (0.28) 0.02 (1.74) 0.01 (4.16)∗
Selection Rule - 2 0.05 (2.67)∗ 0.00 (0.26) -0.01 (-0.66) 0.02 (0.40) 0.13 (5.69)∗ 0.02 (1.20)
Selection Rule - 3 0.01 (0.22) 0.07 (3.50)∗ 0.01 (0.49) 0.07 (1.39) 0.07 (3.38)∗ 0.09 (3.43)∗
Selection Rule - 4 0.04 (1.25) 0.04 (1.96)∗ 0.00 (-0.08) 0.00 (0.13) 0.15 (3.71)∗ 0.09 (3.93)∗
Selection Rule - 5 -0.07 (-0.78) 0.08 (4.02)∗ 0.06 (1.95) 0.06 (0.81) 0.08 (2.92)∗
Selection Rule - 6 0.07 (3.69)∗ 0.07 (4.64)∗ 0.03 (1.62) 0.06 (1.73) 0.18 (7.08)∗ 0.09 (5.56)∗
Gender Quotas - 1 -0.03 (-1.81) 0.01 (0.64) 0.01 (0.38) -0.01 (-0.22) 0.02 (0.71) 0.01 (0.21)
Gender Quotas - 2 -0.02 (-0.56) -0.01 (-0.46) -0.03 (-2.02)∗ 0.01 (0.16) 0.00 (-0.16) 0.07 (3.33)∗
Gender Quotas - 3 -0.01 (-0.52) 0.04 (2.38)∗ 0.04 (1.95) 0.05 (0.87) -0.02 (-0.65) -0.02 (-0.64)
Ethnic Quotas - 1 0.06 (1.33) -0.03 (-1.34) -0.01 (-0.49) 0.03 (0.96) -0.03 (-1.35) -0.02 (-0.44)
Population (log) 0.00 (-0.29) 0.00 (-0.52) -0.01 (-2.20)∗ 0.00 (-0.68) 0.01 (1.88) 0.01 (1.01)
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Table A.IV.5: Heterogeneity analysis by region. Outcome: representation, measured for each
identity – ethnicity, religion, language, and gender. Higher values indicate better representation.
Estimator: ordinary least squares, t-statistics in parentheses, standard errors clustered by country.
* denotes p < 0.05

OECD (1) Non-OECD (2) Americas (3) Asia (4) Europe (5) MENA (6)
GDP per capita (log) 0.07 (5.65)∗ 0.00 (0.61) 0.00 (0.32) 0.02 (1.72) 0.01 (0.63) 0.00 (-0.17)
Gini index 0.00 (-1.19) 0.00 (-0.06) 0.00 (-0.86) 0.00 (0.29) -0.01 (-3.60)∗ 0.00 (0.09)
Group Type - Gender 0.04 (1.89) -0.01 (-0.83) 0.05 (1.79) -0.04 (-1.44) -0.02 (-0.75) -0.02 (-0.83)
Group Type - Language -0.02 (-1.14) -0.01 (-0.95) 0.04 (1.53) -0.02 (-0.68) -0.03 (-1.47) -0.02 (-0.73)
Group Type - Religion -0.04 (-0.73) -0.05 (-1.52) 0.03 (0.74) -0.08 (-1.15) -0.07 (-1.47) -0.04 (-0.93)
Round 2 Indicator 0.01 (1.16) 0.01 (2.50)∗ 0.02 (1.71) -0.01 (-0.62) 0.02 (1.89) 0.01 (1.98)∗
Gender Quotas - 4 0.04 (1.65) 0.11 (2.81)∗ 0.04 (1.00)
Adjusted R-squared 0.48 0.43 0.47 0.44 0.40 0.50
Observations 1552 4909 1027 1341 1766 2088
Countries 36 120 25 29 38 58

Table A.IV.6: IV analysis. First stage outcomes: log(Body Size) and fractionalization. Second
stage outcome: levels of representation (where 1 = perfect representation). Estimator: two-stage
least squares, t-statistics in parentheses, standard errors clustered by country. * denotes p < 0.05.

S1: log(Body N) (1) S2: Rep. Index (2) S1: Frac (3) S2: Rep. Index (4)
Lower house 4.66 (63.12)∗
Upper house 3.68 (24.99)∗
Fractionalization -0.13 (-1.25) -0.57 (-16.05)∗ -1.18 (-2.87)∗
Round 2 Indicator 0.03 (1.31) 0.02 (2.95)∗ 0.01 (0.67) 0.01 (0.66)
Ethnic Quotas - 1 -0.03 (-0.39) 0.05 (1.79) 0.05 (0.66) 0.03 (0.65)
Gender Quotas - 1 -0.01 (-0.17) -0.04 (-1.62)
Gender Quotas - 2 -0.01 (-0.12) -0.02 (-1.22)
Gender Quotas - 3 -0.01 (-0.09) -0.02 (-1.02)
Gender Quotas - 4 0.01 (0.08) 0.02 (0.63)
Population (log) 0.16 (9.40)∗ -0.01 (-2.76)∗ -0.01 (-0.36) -0.01 (-0.78)
Lexical index 0.00 (-0.08) 0.00 (-0.16) 0.01 (0.56) 0.02 (1.84)
GDP per capita (log) 0.04 (1.46) 0.01 (1.33) -0.06 (-2.77)∗ -0.04 (-1.29)
Gini index -0.01 (-3.19)∗ 0.00 (-0.91) 0.00 (1.36) 0.00 (0.14)
Body size (log) 0.03 (12.94)∗ 0.00 (0.04) 0.05 (10.06)∗
SD( Elevation) 0.08 (1.49)
Selection Rule - 2 -0.21 (-4.01)∗ -0.14 (-1.64)
Selection Rule - 3 -0.35 (-4.83)∗ -0.16 (-1.14)
Selection Rule - 4 -0.20 (-4.61)∗ -0.05 (-0.68)
Selection Rule - 5 -0.23 (-3.74)∗ -0.06 (-0.62)
Selection Rule - 6 -0.23 (-6.13)∗ -0.07 (-0.74)
Adjusted R-squared 0.96 0.44 0.27 0.41
Observations 1080 1080 1804 1804
Countries 156 156 134 134
Weak instruments 11112.25∗ 24.77∗
Wu- Hausman 0.62 7.58∗
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Appendix V: Countries and their Representation Indices

Table A.V.1: Average Representation Index values by country (ranks in parentheses).

Country Overall Representation Gap Ethnicity Gender Religion Language

Poland 0.87 (1) -0.08 (14) 0.96 (3) 0.69 (63) 0.88 (1) 0.94 (4)
Iceland 0.87 (2) -0.05 (2) 0.95 (4) 0.81 (4) 0.83 (6) 0.88 (26)
Norway 0.87 (3) -0.06 (6) 0.94 (8) 0.79 (6) 0.83 (8) 0.90 (13)
Finland 0.86 (4) -0.05 (4) 0.91 (14) 0.80 (5) 0.82 (9) 0.91 (7)
Denmark 0.86 (5) -0.04 (1) 0.90 (20) 0.83 (1) 0.81 (11) 0.91 (9)
Germany 0.84 (6) -0.07 (10) 0.91 (16) 0.82 (2) 0.73 (50) 0.91 (10)
Armenia 0.84 (7) -0.09 (23) 0.95 (5) 0.64 (114) 0.86 (3) 0.91 (6)
Portugal 0.84 (8) -0.09 (19) 0.95 (6) 0.73 (29) 0.75 (39) 0.91 (5)
Sweden 0.84 (9) -0.05 (3) 0.88 (30) 0.82 (3) 0.77 (29) 0.87 (31)
Malta 0.83 (10) -0.07 (8) 0.93 (11) 0.67 (81) 0.86 (2) 0.87 (36)
Madagascar 0.83 (11) -0.08 (15) 0.91 (18) 0.70 (55) 0.81 (12) 0.91 (8)
Tunisia 0.83 (12) -0.10 (24) 0.94 (9) 0.69 (60) 0.79 (16) 0.89 (22)
Bangladesh 0.83 (13) -0.08 (16) 0.93 (10) 0.74 (22) 0.77 (32) 0.86 (39)
Croatia 0.82 (14) -0.09 (20) 0.90 (22) 0.75 (17) 0.72 (54) 0.90 (14)
Yemen 0.82 (15) -0.11 (39) 0.88 (31) 0.73 (32) 0.77 (34) 0.89 (18)
Greece 0.81 (16) -0.11 (40) 0.90 (21) 0.69 (59) 0.79 (23) 0.88 (29)
Egypt 0.81 (17) -0.12 (59) 0.91 (13) 0.63 (129) 0.82 (10) 0.86 (41)
Serbia 0.81 (18) -0.09 (17) 0.85 (42) 0.72 (36) 0.79 (21) 0.87 (34)
Costa Rica 0.81 (19) -0.08 (12) 0.86 (35) 0.74 (25) 0.75 (40) 0.87 (33)
Puerto Rico 0.80 (20) -0.07 (9) 0.81 (57) 0.69 (64) 0.77 (30) 0.95 (2)
Jamaica 0.80 (21) -0.10 (27) 0.89 (23) 0.76 (8) 0.67 (95) 0.88 (24)
Italy 0.80 (22) -0.12 (60) 0.89 (25) 0.68 (66) 0.73 (51) 0.89 (16)
Colombia 0.80 (23) -0.09 (22) 0.86 (34) 0.70 (49) 0.74 (46) 0.89 (17)
France 0.80 (24) -0.11 (45) 0.89 (24) 0.72 (33) 0.70 (75) 0.87 (35)
Japan 0.79 (25) -0.12 (52) 0.97 (2) 0.62 (136) 0.63 (131) 0.96 (1)
Honduras 0.79 (26) -0.11 (33) 0.88 (29) 0.67 (78) 0.77 (33) 0.85 (45)
Ireland 0.79 (27) -0.10 (30) 0.83 (50) 0.70 (56) 0.76 (38) 0.89 (19)
Korea, South 0.79 (28) -0.11 (36) 0.94 (7) 0.65 (107) 0.67 (92) 0.90 (12)
Slovakia 0.79 (29) -0.11 (42) 0.91 (15) 0.68 (69) 0.72 (58) 0.85 (47)
Somaliland 0.79 (30) -0.12 (49) 0.86 (40) 0.65 (112) 0.77 (35) 0.88 (28)
Korea, North 0.78 (31) -0.13 (68) 0.92 (12) 0.65 (110) 0.71 (61) 0.86 (42)
United Kingdom 0.78 (32) -0.12 (63) 0.88 (28) 0.65 (109) 0.65 (121) 0.95 (3)
Romania 0.78 (33) -0.13 (70) 0.84 (47) 0.74 (21) 0.73 (53) 0.81 (74)
China, People’s Republic of 0.78 (34) -0.14 (73) 0.89 (27) 0.63 (128) 0.68 (82) 0.91 (11)
Burundi 0.78 (35) -0.09 (21) 0.82 (55) 0.71 (40) 0.69 (78) 0.87 (30)
Lesotho 0.78 (36) -0.11 (34) 0.98 (1) 0.64 (121) 0.63 (132) 0.85 (46)
Czech Republic 0.77 (37) -0.14 (83) 0.85 (44) 0.66 (94) 0.71 (64) 0.89 (21)
Netherlands 0.77 (38) -0.08 (11) 0.79 (66) 0.76 (9) 0.66 (109) 0.88 (27)
Uruguay 0.77 (39) -0.11 (38) 0.86 (36) 0.67 (74) 0.68 (91) 0.88 (25)
Cambodia 0.77 (40) -0.14 (72) 0.86 (37) 0.65 (108) 0.77 (31) 0.80 (79)
Bulgaria 0.77 (41) -0.13 (65) 0.86 (39) 0.70 (53) 0.71 (66) 0.82 (64)
Syria 0.77 (42) -0.14 (76) 0.84 (48) 0.70 (57) 0.70 (72) 0.84 (52)
Turkmenistan 0.76 (43) -0.15 (85) 0.81 (58) 0.64 (120) 0.84 (5) 0.78 (88)
El Salvador 0.76 (44) -0.11 (35) 0.87 (33) 0.66 (91) 0.67 (100) 0.86 (37)
Djibouti 0.76 (45) -0.05 (5) 0.79 (64) 0.67 (86) 0.85 (4) 0.74 (97)
Cape Verde 0.76 (46) -0.13 (64) 0.73 (85) 0.72 (37) 0.74 (44) 0.86 (40)
Nicaragua 0.76 (47) -0.10 (26) 0.74 (81) 0.75 (15) 0.71 (63) 0.84 (49)
Zimbabwe 0.76 (48) -0.12 (50) 0.79 (67) 0.71 (39) 0.75 (41) 0.79 (85)
South Africa 0.76 (49) -0.06 (7) 0.84 (45) 0.74 (26) 0.75 (42) 0.70 (111)
Slovenia 0.76 (50) -0.12 (55) 0.84 (49) 0.70 (54) 0.67 (99) 0.82 (60)
Palestinian Territory 0.76 (51) -0.15 (86) 0.78 (72) 0.62 (142) 0.77 (36) 0.86 (38)
Saudi Arabia 0.76 (52) -0.14 (78) 0.81 (56) 0.65 (100) 0.73 (52) 0.83 (55)
Georgia 0.76 (53) -0.11 (43) 0.85 (43) 0.66 (88) 0.78 (27) 0.73 (98)
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Table A.V.1: Average Representation Index values by country (ranks in parentheses).

Country Overall Representation Gap Ethnicity Gender Religion Language

Turkey 0.76 (54) -0.14 (77) 0.78 (73) 0.62 (139) 0.80 (14) 0.82 (62)
Russian Federation 0.75 (55) -0.15 (97) 0.80 (60) 0.63 (125) 0.70 (73) 0.88 (23)
Azerbaijan 0.75 (56) -0.13 (71) 0.85 (41) 0.65 (106) 0.68 (88) 0.84 (54)
Kyrgyzstan 0.75 (57) -0.13 (66) 0.79 (68) 0.73 (31) 0.79 (20) 0.71 (105)
Kosovo 0.75 (58) -0.15 (95) 0.89 (26) 0.74 (24) 0.57 (147) 0.81 (76)
Libya 0.75 (59) -0.13 (67) 0.78 (71) 0.65 (102) 0.73 (49) 0.84 (50)
Iraq 0.75 (60) -0.15 (99) 0.78 (74) 0.69 (62) 0.70 (68) 0.83 (59)
Macedonia 0.75 (61) -0.09 (18) 0.78 (69) 0.73 (28) 0.71 (67) 0.77 (91)
Cuba 0.75 (62) -0.16 (107) 0.73 (84) 0.75 (13) 0.63 (127) 0.87 (32)
Switzerland 0.75 (63) -0.11 (44) 0.78 (70) 0.75 (19) 0.70 (69) 0.76 (94)
Thailand 0.75 (64) -0.17 (116) 0.75 (78) 0.61 (144) 0.79 (17) 0.83 (58)
Haiti 0.75 (65) -0.15 (89) 0.87 (32) 0.63 (134) 0.67 (102) 0.82 (65)
Viet Nam 0.75 (66) -0.16 (104) 0.86 (38) 0.66 (97) 0.68 (89) 0.79 (84)
Angola 0.74 (67) -0.12 (61) 0.73 (82) 0.73 (30) 0.71 (62) 0.80 (80)
Cyprus 0.74 (68) -0.12 (56) 0.80 (62) 0.68 (68) 0.68 (86) 0.82 (63)
Lithuania 0.74 (69) -0.14 (75) 0.82 (54) 0.75 (18) 0.58 (146) 0.81 (69)
Venezuela 0.74 (70) -0.15 (90) 0.61 (123) 0.67 (85) 0.79 (19) 0.89 (20)
Rwanda 0.74 (71) -0.14 (74) 0.70 (98) 0.78 (7) 0.66 (115) 0.81 (71)
Somalia 0.74 (72) -0.14 (84) 0.79 (65) 0.66 (90) 0.68 (81) 0.82 (67)
New Zealand 0.74 (73) -0.10 (29) 0.72 (90) 0.76 (12) 0.66 (108) 0.80 (83)
Spain 0.73 (74) -0.12 (54) 0.74 (80) 0.71 (41) 0.72 (59) 0.77 (90)
Hungary 0.73 (75) -0.17 (118) 0.91 (17) 0.56 (155) 0.64 (126) 0.83 (57)
Mexico 0.73 (76) -0.17 (113) 0.68 (102) 0.66 (93) 0.70 (71) 0.90 (15)
Montenegro 0.73 (77) -0.11 (46) 0.69 (101) 0.67 (80) 0.72 (57) 0.84 (53)
Mongolia 0.73 (78) -0.16 (102) 0.73 (88) 0.67 (77) 0.68 (84) 0.83 (56)
Uzbekistan 0.73 (79) -0.16 (109) 0.83 (52) 0.63 (130) 0.67 (96) 0.77 (89)
Moldova, Republic of 0.73 (80) -0.12 (57) 0.77 (75) 0.68 (72) 0.74 (47) 0.72 (100)
Singapore 0.72 (81) -0.11 (37) 0.80 (59) 0.74 (27) 0.66 (113) 0.70 (113)
Belgium 0.72 (82) -0.12 (48) 0.74 (79) 0.71 (44) 0.70 (70) 0.75 (96)
Philippines 0.72 (83) -0.12 (53) 0.84 (46) 0.67 (83) 0.78 (28) 0.61 (140)
Suriname 0.72 (84) -0.15 (98) 0.70 (95) 0.69 (61) 0.67 (103) 0.82 (61)
Albania 0.72 (85) -0.18 (124) 0.90 (19) 0.65 (111) 0.48 (154) 0.84 (51)
Ecuador 0.72 (86) -0.14 (79) 0.64 (115) 0.70 (51) 0.74 (45) 0.80 (82)
Trinidad and Tobago 0.72 (87) -0.15 (92) 0.71 (92) 0.74 (23) 0.65 (117) 0.76 (92)
Afghanistan 0.72 (88) -0.10 (28) 0.71 (91) 0.65 (103) 0.78 (24) 0.72 (102)
Sri Lanka 0.71 (89) -0.19 (129) 0.80 (63) 0.59 (150) 0.66 (112) 0.78 (86)
Nepal 0.71 (90) -0.18 (119) 0.73 (87) 0.68 (65) 0.73 (48) 0.69 (117)
Bolivia 0.70 (91) -0.14 (80) 0.57 (135) 0.76 (11) 0.67 (97) 0.81 (68)
Niger 0.70 (92) -0.14 (81) 0.73 (86) 0.66 (96) 0.72 (55) 0.71 (109)
China, Republic of 0.70 (93) -0.21 (144) 0.58 (133) 0.75 (14) 0.66 (110) 0.81 (70)
Mauritania 0.70 (94) -0.17 (115) 0.67 (106) 0.62 (141) 0.71 (65) 0.81 (72)
Chile 0.70 (95) -0.15 (88) 0.64 (117) 0.71 (43) 0.65 (119) 0.80 (78)
Estonia 0.70 (96) -0.19 (132) 0.73 (83) 0.67 (73) 0.67 (94) 0.72 (101)
Tajikistan 0.70 (97) -0.19 (126) 0.83 (51) 0.63 (127) 0.65 (120) 0.68 (121)
Gabon 0.70 (98) -0.12 (47) 0.65 (110) 0.66 (89) 0.67 (98) 0.81 (75)
Pakistan 0.70 (99) -0.15 (101) 0.67 (107) 0.62 (143) 0.80 (15) 0.70 (110)
Jordan 0.70 (100) -0.22 (149) 0.54 (143) 0.60 (148) 0.79 (22) 0.86 (43)
Botswana 0.69 (101) -0.17 (114) 0.70 (94) 0.64 (119) 0.68 (90) 0.76 (93)
Morocco 0.69 (102) -0.20 (135) 0.65 (111) 0.63 (126) 0.78 (25) 0.71 (108)
Belarus 0.69 (103) -0.17 (112) 0.80 (61) 0.61 (145) 0.65 (118) 0.71 (104)
Guyana 0.69 (104) -0.15 (100) 0.70 (96) 0.70 (48) 0.51 (151) 0.85 (44)
Ukraine 0.69 (105) -0.20 (137) 0.75 (76) 0.59 (151) 0.68 (87) 0.75 (95)
United States of America 0.69 (106) -0.18 (121) 0.66 (108) 0.70 (50) 0.58 (145) 0.82 (66)
Paraguay 0.68 (107) -0.17 (117) 0.60 (128) 0.67 (76) 0.76 (37) 0.70 (114)
Algeria 0.68 (108) -0.21 (145) 0.65 (109) 0.64 (124) 0.83 (7) 0.61 (136)
Iran, Islamic Republic of 0.68 (109) -0.12 (62) 0.69 (99) 0.60 (149) 0.78 (26) 0.66 (125)
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Table A.V.1: Average Representation Index values by country (ranks in parentheses).

Country Overall Representation Gap Ethnicity Gender Religion Language

Ghana 0.68 (110) -0.12 (58) 0.73 (89) 0.67 (79) 0.61 (138) 0.71 (107)
India 0.68 (111) -0.10 (25) 0.61 (126) 0.65 (101) 0.79 (18) 0.65 (126)
Panama 0.68 (112) -0.17 (111) 0.61 (124) 0.62 (138) 0.67 (101) 0.80 (81)
Malaysia 0.68 (113) -0.16 (105) 0.70 (97) 0.65 (105) 0.67 (106) 0.69 (116)
Fiji 0.67 (114) -0.20 (136) 0.68 (103) 0.66 (87) 0.65 (116) 0.70 (112)
Peru 0.67 (115) -0.19 (131) 0.54 (144) 0.72 (34) 0.70 (74) 0.73 (99)
Bosnia and Herzegovina 0.67 (116) -0.15 (91) 0.75 (77) 0.64 (113) 0.69 (79) 0.60 (142)
Austria 0.67 (117) -0.23 (150) 0.83 (53) 0.71 (42) 0.70 (76) 0.44 (156)
Dominican Republic 0.67 (118) -0.20 (134) 0.55 (139) 0.67 (82) 0.68 (85) 0.78 (87)
Ethiopia 0.67 (119) -0.16 (108) 0.64 (116) 0.68 (71) 0.67 (93) 0.68 (119)
Oman 0.67 (120) -0.19 (133) 0.60 (129) 0.70 (46) 0.69 (80) 0.68 (120)
Australia 0.67 (121) -0.15 (96) 0.48 (153) 0.75 (16) 0.59 (144) 0.84 (48)
Kazakhstan 0.66 (122) -0.15 (93) 0.71 (93) 0.62 (137) 0.67 (104) 0.66 (124)
Brazil 0.66 (123) -0.21 (142) 0.56 (137) 0.66 (95) 0.63 (130) 0.81 (73)
Luxembourg 0.66 (124) -0.16 (106) 0.61 (127) 0.70 (52) 0.68 (83) 0.65 (129)
Latvia 0.66 (125) -0.16 (103) 0.67 (104) 0.66 (92) 0.64 (123) 0.66 (122)
Cote d’Ivoire 0.65 (126) -0.18 (122) 0.69 (100) 0.64 (116) 0.67 (105) 0.61 (139)
Israel 0.65 (127) -0.20 (141) 0.53 (146) 0.67 (75) 0.69 (77) 0.71 (106)
Malawi 0.65 (128) -0.18 (120) 0.56 (138) 0.65 (104) 0.75 (43) 0.65 (127)
Timor-Leste 0.65 (129) -0.23 (151) 0.58 (134) 0.68 (70) 0.80 (13) 0.54 (150)
Qatar 0.65 (130) -0.21 (143) 0.51 (148) 0.74 (20) 0.63 (134) 0.71 (103)
Myanmar 0.64 (131) -0.19 (130) 0.65 (112) 0.58 (153) 0.66 (114) 0.69 (118)
Guatemala 0.64 (132) -0.18 (123) 0.62 (120) 0.62 (140) 0.66 (111) 0.66 (123)
Liberia 0.64 (133) -0.11 (32) 0.51 (149) 0.72 (35) 0.72 (56) 0.61 (141)
Lebanon 0.64 (134) -0.19 (125) 0.64 (113) 0.55 (156) 0.56 (149) 0.81 (77)
Mauritius 0.64 (135) -0.20 (140) 0.61 (125) 0.70 (45) 0.71 (60) 0.51 (153)
Zambia 0.64 (136) -0.15 (94) 0.62 (122) 0.67 (84) 0.63 (129) 0.62 (133)
Bahrain 0.63 (137) -0.22 (147) 0.59 (132) 0.70 (58) 0.59 (143) 0.65 (128)
Namibia 0.63 (138) -0.12 (51) 0.63 (118) 0.72 (38) 0.65 (122) 0.53 (152)
Guinea-Bissau 0.63 (139) -0.16 (110) 0.62 (121) 0.65 (99) 0.61 (136) 0.62 (135)
Congo 0.62 (140) -0.22 (148) 0.64 (114) 0.64 (115) 0.63 (133) 0.56 (147)
Kenya 0.62 (141) -0.08 (13) 0.59 (130) 0.68 (67) 0.60 (140) 0.60 (143)
Canada 0.61 (142) -0.20 (139) 0.39 (155) 0.76 (10) 0.64 (125) 0.65 (131)
Mali 0.60 (143) -0.19 (128) 0.62 (119) 0.64 (122) 0.51 (152) 0.65 (130)
Burkina Faso 0.60 (144) -0.13 (69) 0.50 (151) 0.65 (98) 0.63 (135) 0.63 (132)
Nigeria 0.60 (145) -0.21 (146) 0.53 (147) 0.63 (131) 0.64 (124) 0.61 (138)
Senegal 0.60 (146) -0.15 (87) 0.56 (136) 0.64 (117) 0.63 (128) 0.56 (146)
Benin 0.60 (147) -0.14 (82) 0.54 (145) 0.64 (118) 0.61 (137) 0.61 (137)
Guinea 0.59 (148) -0.19 (127) 0.67 (105) 0.63 (133) 0.44 (155) 0.62 (134)
Sierra Leone 0.59 (149) -0.25 (152) 0.55 (141) 0.60 (146) 0.51 (153) 0.69 (115)
Gambia 0.58 (150) -0.20 (138) 0.50 (152) 0.64 (123) 0.66 (107) 0.54 (151)
Kuwait 0.58 (151) -0.30 (156) 0.50 (150) 0.63 (135) 0.59 (141) 0.58 (145)
United Arab Emirates 0.57 (152) -0.28 (155) 0.46 (154) 0.70 (47) 0.61 (139) 0.51 (154)
Solomon Islands 0.57 (153) -0.11 (31) 0.55 (140) 0.58 (154) 0.57 (148) 0.56 (148)
Indonesia 0.53 (154) -0.26 (153) 0.59 (131) 0.63 (132) 0.32 (156) 0.59 (144)
Congo (DRC) 0.53 (155) -0.11 (41) 0.38 (156) 0.60 (147) 0.59 (142) 0.55 (149)
Central African Republic 0.53 (156) -0.26 (154) 0.54 (142) 0.59 (152) 0.54 (150) 0.45 (155)
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