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Abstract

In empirical studies of segregation it is often desirable to quantify segregation
that cannot be explained by underlying characteristics. To this end, we propose
a fully non-parametric method for accounting for covariates in any measure of
segregation. The basic idea is that given a set of discrete characteristics, there is
a certain probability that a person belongs to a particular group, which can be
used to compute an expected level of segregation. We also demonstrate that a
modified index of exposure has both favorable analytical features and interpre-
tational advantages in such settings. The methods are illustrated by an applica-
tion to ethnic workplace segregation in Sweden. We also show how one can
use a measure of exposure to study the earnings consequences of segregation
stemming from different sources.
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1 Introduction

The issue of segregation, i.e. inequality in the distribution of people across
units (neighborhoods, workplaces, schools), has generated a vast literature in
many fields of social science. Numerous empirical studies on residential and
workplace segregation between races or genders have been accompanied by
methodological work investigating properties of various measures of segrega-
tion. There are basically three types of questions that could be addressed by
empirical studies of segregation: patterns, sources and consequences.

A majority of the previous empirical investigations concern patterns; the
typical study investigates black-white residential segregation in the US. Detect-
ing the sources of segregation has been the topic of a smaller methodological
and empirical literature. In such a context one often wants to separate e.g. the
ethnic workplace segregation that comes from the fact that education may vary
across ethnic groups, from workplace segregation that is in a sense “purely”
ethnic. The consequences of segregation, in turn, are a natural link between
segregation studies and other strands of economics. For example, in recent
years economists have shown a growing interest in the role of social contacts
and social interactions, which is clearly linked to the issue of segregation.' In
this context, segregation can be seen more as a factor affecting e.g. earnings
and employment, rather than an outcome in its own right.

The first contribution of this paper is a method for adjusting any measure of
segregation for the characteristics of the population. Our method is more gen-
eral and flexible than the methods used in previous studies. Second, we show
that an index of exposure that excludes the individual him-/herself in the calcu-
lation has both interpretational advantages and nice analytical features in terms
of accounting for covariates when measuring segregation. The exposure index
has the characteristics of each individual’s contacts as its starting point, which
highlights the connection to the literature on social interactions.

We also illustrate the proposed methods by an analysis of ethnic workplace
segregation in Sweden. First, we compare unconditional and conditional meas-
ures of exposure and segregation. Then, we exemplify the link between segre-
gation and peer effects at the individual level, by studying the correlation be-
tween wages and own-group exposure. The empirical investigation uses

! Echenique & Fryer (2005) argue along similar lines.
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matched employer-employee data covering the entire Swedish working-age
population in 2000.

There are basically two groups of non-spatial segregation indices (see
Massey & Denton 1988): measures of evenness and measures of exposure. The
first group measures deviations from an even distribution of groups across units
(but can be corrected to measure the deviation from a random distribution—see
the discussion below). Traditional indices include the Gini coefficient, the
Duncan index and entropy indices such as the Theil index. While these meas-
ures have been widely used, there are reasons to give more attention to indices
of exposure. These indices, such as the index of isolation, quantify the expo-
sure that members of a given group have to some group (own or other). In stud-
ies of non-market interactions between individuals, indices of exposure are
suitable since they provide information on the number of contacts a person has
with people carrying certain characteristics.

Several papers have described the characteristics of existing measures of
segregation and/or developed new measures (e.g. Massey & Denton 1988,
Fliickiger & Silber 1999, and Hutchens 2004). Much of the research has fo-
cused on segregation between two groups. However, stressing the increased
ethnic diversity in many societies, some authors have argued for the use of
multigroup segregation measures (Boisso et al. 1994, Reardon & Firebaugh
2002).

Carrington & Troske (1997) make an important methodological point. They
argue for the use of randomness rather than evenness as benchmark in studies
of segregation. The key insight is that also random allocation will result in
non-negligible segregation if units are small. They therefore relate segregation
in actual distributions to the segregation observed in simulated distributions.
We extend their work by showing how to control for observed individual and
unit-related characteristics in creating expected (or “counterfactual”) distribu-
tions.

Our method for creating a conditional counterfactual distribution is
non-parametric and thus accounts for all interactions between the factors con-
sidered. The factors conditioned on are allowed to vary both between and
within units. The basic idea is that for each combination of characteristics there
is a probability that an individual belongs to a particular group. For a given dis-
tribution of individuals over units (regardless of group), we can then assign a
probability that an individual belongs to this group. The measure of “expected
segregation” can then be calculated analytically or simulated, depending on the
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measure of segregation and which type of variables one wishes to condition on.
The method is easily extended to cases with several different groups.

Some previous studies use related empirical approaches to identify the
sources of segregation. Bayer et al. (2004) investigate how differences across
groups in sociodemographic factors explain residential segregation using a
method based on linear regressions. Reardon et al. (2000) use modified ver-
sions of the Theil index to decompose school segregation into geographic and
racial components. Kalter (2000) links the Duncan index to the multinomial
logit model to take covariates into account in measures of inequality. Soder-
strom & Uusitalo (2005) analyze segregation effects of a school choice reform
in Sweden, using a linear regression model accounting for observed character-
istics. Although different, the methods used in these studies are all limited in
the sense that they are not valid for all segregation indices, and/or make restric-
tive assumptions regarding the data generating process.

The rest of the paper is outlined as follows. Section 2 presents methods for
computing segregation conditional on observed characteristics, using a modi-
fied index of exposure in a two-group situation. We then generalize the method
to the multi-group case, and show that its logic can be applied to any measure
of segregation. A discussion of how to define “excess” exposure concludes sec-
tion 3. We begin section 4 by describing the Swedish linked employer-
employee data. The empirical applications in the following parts of the section
first show how conditioning on various sets of characteristics affects different
measures of segregation. Then we demonstrate the link between segregation
and social interactions by studying the correlation between own-group expo-
sure and earnings. Section 5 concludes.

2 Segregation conditional on
observed characteristics

In general, the concept of segregation aims to capture systematic sorting over
units (e.g. geographical areas, schools or workplaces) by individuals belonging
to different groups (defined by for example gender or ethnicity). Thus, segrega-
tion can be said to occur if the distribution of groups over units is significantly

IFAU — Measuring conditional segregation 5



different from what would result from a random allocation.” Below we first de-
fine a measure of exposure that has randomness as its natural benchmark. This
measure also has the advantage of being linear, which enables us to calculate
exposure without simulations, and at the individual level. We then go on to
show how to test for random allocation conditional on observed characteristics.

One way to think of segregation that explicitly incorporates randomness as
the baseline is to ask whether (e.g.) my own minority status predicts the minor-
ity status of the people around me (e.g. at my workplace). Following this line
of thought, we define segregation to occur if an individual is more “exposed” to
his own group than he would be if the distribution of individuals across units
was random. By exposure we mean the average group characteristics of other
people within the same unit. We therefore exclude the individual himself in the
calculations.

Now, consider the case with two groups, where some individuals belong to
a minority (m, D" = 1) and others do not (D" = 0). There are N individuals in
total, whereof N” belongs to the minority. Suppose that a minority and a major-
ity individual “picked” their unit peers in a random process. The expected peer
fraction for both individuals is then equal to the minority fraction in the popula-
tion, N™ / N > Thus, with this individual-centered approach, measures of intra-
and intergroup exposure are directly comparable.*

To formalize this argument, assume that there is a set of units denoted by w,
each of size 5. We define individual i:s exposure (e) to a minority within his
unit w(i) as the fraction of others in the unit that belong to the minority:

1
€ n=—"" D" . 1
i,w(i) Sw(z) _1 z J ( )

w(j)=w(i)
J#i

% Yet, many standard measures of segregation assess how far an observed distribution is from
evenness rather than randomness (see e.g. Carrington & Troske 1997, for a discussion).
3 Technically, this is an approximation since we do not exclude the individual i from the minority

N" -1 N

fraction. If we did, it should be <=~ for minority individuals and = for non-minority indi-

viduals. Obviously, this correction plays no role whatsoever at any realistic (minority) population
size

* However, from a bird’s perspective, minority individuals will on average be in units with
higher minority representation (since a minority individual is always exposed to himself). With
such an approach, the logic of section 3.2 should be applied to measure conditional segregation.
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Further, let &™ be the average exposure to minority individuals by individu-
als who belong to the minority, which is given by:

1
g" = m Zei : (2)
N i:D/" =1

Since majority individuals should be as exposed to minorities as minority
individuals (in the absence of segregation), using £ to denote the expected val-
ues in the absence of segregation gives:

E(e

| D =1) = E(e; ;) | D" =0) 3)

i,w(i) i,w(i)

Equation (3) states that an individual’s exposure to minorities does not de-
pend on his minority status (if there is no segregation). It naturally follows that
the expected exposure for both groups should equal the fraction of minority in-

dividuals in the population. Thus, for the minority group we get:

m m Nm
E(e")= E(e[,w(i) | D" =1)= T 4)

Testing whether the actual average calculated according to (2) is equal to the
expected “non-segregation” value given by (4) is a test for segregation.’

So far we have only described how to test for segregation in the uncondi-
tional sense. In a second step we would like to test the hypothesis that minori-
ties are only exposed to minorities to an extent that is motivated by the distribu-
tion of some observed characteristics X. In other words, we want to test
whether minority individuals’ exposure to minorities can be explained by the
characteristics of their units, or the people who belong to the unit. For example
we might want to study whether immigrants work with immigrants because
many immigrants tend to live in urban areas, or because people with the same
educational background tend to work together.

> Note however that when computing standard errors for statistical tests, we need to account for
the fact that the observations are not independent within units (within a unit e; is always equal for
all individuals with the same minority status). Thus, we use unit level cluster-corrected standard
errors in our empirical application below.
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In this case we wish to calculate expected exposure in the absence of segre-
gation above what can be explained by the X-characteristics. We put no restric-
tions on the distribution of characteristics; X may vary both within units and
between units. The method is completely non-parametric for discrete X:s.

For each unique realization (x) of the vector X we calculate the fraction of
minority individuals and denote it by p. For an arbitrary individual j:s realiza-
tion we get:

_N’”(X:xj) 5
p(xj)_]v(X—:xj) (5)

where p(x ;) can be interpreted as the probability that an individual with char-
acteristics x; belongs to the minority. For each individual we can calculate the

expected exposure conditional on the distribution of X using (5) for the other
people in the unit:

E(e; | X/ vpw(jy=ntir,j=i )

> p(x)) (6)

w(j)=w(i)

J#l

W(l) -1

Furthermore, taking the average over all individuals belonging to the minority
we get

A 1
E(e™ | X7 vjow(jy=wiir.jwi ) = N > ol > plx;) (7)
ipr=1S L=

J#i

Note that when all individuals have the same probability (N"/N), (7) collapses
to (4).

By comparing (2) to (7) we will get a test for segregation above what can be
explained by the distribution of the underlying characteristics X. Empirical ex-
amples are presented in section 4 below. Note that the derivation of (7) cru-
cially hinges on the fact that £”is a linear function of the “peers’” values of
D™, making it straightforward to replace D™ with the probability p(x). For

non-linear measures, such as when the individual ¢ himself is included in the
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measure of exposure, one is limited to using the general techniques presented
in section 3.2 below.

Note also that the test is based on using expression (5) to predict the ex-
pected minority status of each individual in the absence of segregation. One
could also use e.g. “propensity scores” from binary regression models to pre-
dict the minority status of individuals. However, since such parametric models
would impose unnecessary restrictions on the data generating process we will
apply the non-parametric method described by (5) throughout this paper.°®

3 Generalizations

We begin this section by generalizing the method presented above to the multi-
group case. We then show how the logic can be applied to widely used meas-
ures of segregation, and the limitations to such applications. The section also
discusses different metrics of the amounts of segregation and their economic
interpretations.

3.1  Exposure in the multigroup case

So far we have assumed that there is only one minority group. In many applica-
tions we may have a number of parallel groups, or construct such by combining
different dichotomous variables (e.g. gender and race). Such cases can easily be
studied using the framework presented above without changing the interpreta-
tion. Below we will discuss a straightforward generalization. For convenience
we will focus on own-group exposure, rather than cross-exposure.’ It should be
noted however, that adapting the tools described below to an analysis of
cross-exposure is straightforward.

Defining a set of groups g = (1,....G) we can measure individual i:s expo-
sure to group g as before (in eq. 1):

8 Parametric methods may be preferred when there are only a few observations per cell (possibly
as a result of essentially continuous variables).

7 Interesting measures of cross-exposure include e.g. the exposure of Iraqi immigrants to other
Arab immigrants (to test for segregation according to language or religion), and the exposure of
white men to black women (to test for interaction effects in segregation between gender and
race).
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g g
el}w(i) W(I) ZD (8)

‘4(1) w(i)

J#i
As before we can also take the average over all individuals, or a subset of indi-
viduals belonging to a set of groups ge/, to calculate average own-group ex-
posure:

&t =

efDE 9)
Z lg%:el"

gel

It is worth noting that we study the average fraction of other individuals within
the unit that belongs to the same group in order to reduce the dimensionality of
the problem. Because of this, we may use the same strategy as in (5) above
when calculating the expected distribution without segregation: We first calcu-
late the fraction of individuals belonging to group g for each value of X (with-
out excluding the probability that one X contains all individuals) and denote it
by p. Then, for an arbitrary individual j:s realization x we have a p correspond-
ing to g given by:

. _Ng(szj) 10
p (xj)—]\,(X—z)Cj) (10)

Thus, as before we get the conditional expected exposure:

, 1 ,
E(ef | X vjiir=wiir.jni ) = > 0] > e (x)) (11)
ZN ig(er S —1w</) (i)

gel’ J#i

The actual own-group exposure described by (9) measures the fraction of
others in one’s own unit that belong to the same group as oneself, calculated
over all individuals belonging to a group in /. By contrast, the expected own-
group exposure described by (11) measures the fraction of individuals in my
own unit that are expected to belong to the same group as myself. In our em-
pirical setting these measures are the average—observed or expected—

10 IFAU — Measuring conditional segregation



fractions of coworkers with the same country of origin as the individual, calcu-
lated as an average over all immigrants.

3.2 Other measures of segregation

The method as described so far crucially hinges on the linearity of the measure
of exposure. In this subsection we describe how the logic can be applied to
other measures of segregation.

Carrington & Troske (1997) show how randomly allocating minority status,
keeping the size distribution of units as given, gives a reasonable baseline for
measuring segregation irrespective of the applied measure. Their strategy basi-
cally amounts to first calculate a measure of segregation Z, then randomly allo-
cate minority status and calculate a counterfactual measure E(Z). By contrast-
ing Z and E(Z), measures of systematic sorting are obtained.

The logic underlying our methodology can be used to extend the method of
Carrington & Troske (1997) in order to facilitate an analysis of conditional seg-
regation using any measure of segregation. In order to measure segregation
conditional on X, we need to obtain a measure of segregation that is based on
an allocation of minority status that is random conditional on the covariates:
E (Z | X ) Conceptually, we are interested in calculating the values of segrega-

tion given that workers were randomly allocated holding the sizes of the units
and the distribution of X-variables over units constant. Our methodology as ex-
plained in section 2 has the advantage of being linear, which gives the opportu-
nity to calculate expected exposure directly and at the individual level. When
using the logic behind it for non-linear measures of segregation we generally
have to follow Carrington & Troske and rely on simulations.®

Our strategy is to achieve a counterfactual distribution by randomly allocat-
ing minority status to individuals within each cell defined by a specific realiza-
tion x, using a probability equal to the fraction of minority individuals given by
equation (5). We can then proceed by calculating any index of segregation us-
ing the conditional random allocation of minority status.” For each individual
we allocate a continuous random variable v, which is uniformly distributed be-

8 For some measures, such as the Duncan index, that are linear in the units it is also possible to
calculate the expected values directly in cases where the conditioning variables are fixed for each
unit. This procedure is presented in the appendix.

° The empirical examples of section 4.3 suggest that the randomization procedure yields results
that are practically identical to the expected values that are calculated directly when studying ex-
posure.
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tween 0 and 1. Then we infer a counterfactual minority status ¢ based on the re-
lationship between vand p(x) using (5):

g, =0if v > p(x;)

. , (12)
q; =lifv < p(xi)

We can then calculate counterfactual measures of segregation £ (Z | X ) based

on the distribution of ¢, and contrast it to the actual measure Z. Since replicated
simulations provide measures of uncertainty, we also get tools for inference.

This methodology has the feature that it is applicable to any measure of seg-
regation. Moreover, the methodology can, just as in section 2, be used to condi-
tion on any number of characteristics and all types of (discrete) characteristics,
either unit based and/or individual based (i.e. some or all characteristics may
vary within units). Although the exposition above is limited to a two-group
case (minority vs. not minority), it is straightforward to generalize the logic to
multi-group cases by making the assignment in (12) group specific.

While this logic is both general and conceptually straightforward, some of
the advantages of using the index of exposure are lost. First, the general strat-
egy relies on repeated simulations, which is cumbersome when looking at very
large datasets or when analyzing many sub-samples. Second, the measure of
exposure defined in section 2 has the property that both its actual and expected
values are defined at the individual level. Thus, measuring segregation by ex-
posure as defined in section 2 allows us to study who deviates from the ex-
pected pattern, which is convenient when studying the consequences of segre-
gation (as in section 4.3 below).

3.3 Metrics of “excess” exposure

The presented methods provide an opportunity to test whether the observed
level of exposure is statistically different from what one would find if the dis-
tribution of people was random conditional on the covariates. For an economic
interpretation one would often like to relate actual exposure to expected expo-
sure in order to get a measure of “excess” exposure. Clearly, however, there is
no definition that suits all types of applications. Focusing on exposure as an
outcome typically requires other modifications than when we think of exposure
as an explanatory factor to another variable. Thus, our view is that there is no
need to confine oneself to one “all purpose” definition.
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There are obviously many ways of defining excess exposure (or excess seg-
regation). Carrington & Troske (1997) suggest using an “index of systematic
segregation” of the form

,_Z-EQZ)

1- E(Z) (13)

(for Z>F (Z )), i.e. the difference between actual segregation and expected

segregation over the maximum value of non-random segregation. When this
formula is used with the measure of exposure discussed in section 2, it corre-
sponds to the fraction of minority individuals that have to be completely segre-
gated, given that all other individuals are subject to the expected level of expo-
sure.'’

An appealing alternative is to simply divide actual exposure by the expected
exposure rate:

m

_ g
E(e" | X)

m
X

(14)
This relative overexposure is very easily interpreted: “The average immi-
grant has R times as many immigrant coworkers compared to what we would

expect if the distribution was random, given X”. Another advantage is that this
fraction is directly comparable in analyses on subgroups. One may, e.g., wish
to compare excess exposure by region of residence, industry, ethnicity or gen-
der. Suppose we study two regions, and that the immigrant fraction and thereby
the expected exposure (ignoring differences in the distribution of X) is twice as
high in one region compared to the other. If actual exposure also differs by a
factor of two, it is intuitive to think of excess segregation as being the same in
the two regions. This is what R tells us.

The methods outlined in sections 2 and 3 provide a way to condition on ob-
served characteristics in the measurement of segregation. We have shown that
the basic method can be applied to any measure of segregation, both in two-
group and multigroup cases. Furthermore, using exposure excluding the indi-
vidual himself has both analytical and interpretational advantages. In the next

10" Assume that f'is the fraction of the minority that is only exposed to their own group. Then it
must be that £” = f*1+ (1- f)E(&™). Thus, f = (g’” - E(g'”))/(l - E(g”‘)).
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section we apply these methods in an empirical analysis of immigrant-native
workplace segregation in Sweden.

4 An empirical application

This section demonstrates the consequences of conditioning on observed char-
acteristics in the measurement of segregation in the context of ethnic workplace
segregation in Sweden. We present measures of expected and excess exposure
using the methods for calculating expected values presented above. Then we
present conditional results based on randomization for two commonly used
measures of segregation: the (Duncan) index of dissimilarity and the Gini coef-
ficient. The section is concluded by an analysis of the connection between ex-
posure and earnings at the individual level. We begin, however, with a short
description of the data.

4.1 Data

The data used in this paper is a linked employer-employee data set, the IFAU
database, covering the entire Swedish economy in 2000. The data are based on
tax records and contain annual information on all 16-65 year-old employees
receiving remuneration from Swedish employers (both private and public). We
focus primarily on segregation between immigrants and natives. Immigration
status is measured by a grouped variable containing country or region of
birth."

We use tax-record earnings information to construct the employment status
of workers. The earnings data contain annual earnings, and the first and last
remunerated months from a specific employer. From this we construct a meas-
ure of monthly earnings for all employment spells that cover the month of No-

" We wish to consider workers as immigrants if they are born abroad, excluding adoptees. The
reason for this restriction is that we are interested in workplace sorting according to ethnic di-
mensions which should be a function of the foster parents rather than the biological parents for
children that were adopted at a very young age. In practice, the workers we consider as adopted,
and thus code as Swedish-born, are 1) born outside of Sweden, ii) arrived to Sweden before age 3
and iii) have the country of birth of both their parents coded as missing. Some children arriving
with relatives instead of biological parents could be miscoded as Swedes according to this proce-
dure, but they are likely to be few.
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vember.'> We then drop all observations with average monthly earnings below
25 percent of a constructed monthly minimum wage.”> We only keep the job
generating the highest monthly wage for each individual and year.

Table 1 Descriptive statistics.

Immigrants Swedish born

Age 41.8 41.0

16-29 0.151 0.209

30-49 0.572 0.496

50-65 0.277 0.295

Female 0.488 0.484
Education

Primary or less 0.204 0.157

2-year secondary 0.269 0.313

3-year secondary 0.186 0.196

Some tertiary 0.124 0.151

At least 3 year tertiary 0.172 0.172

Graduate 0.021 0.009

Unknown 0.024 0.001

In(monthly earnings) 9.633 9.724

Standard deviation (0.525) (0.515)

N 313,973 2,865,490

Note: The data cover all Swedish resident workers employed by workplaces with at least 5 em-
ployees. The workers are distributed over 115,226 workplaces in 289 municipalities and 38 in-
dustry groups.

Using the individual employment data described above, we calculate the
number of employees by workplace (note that this includes the self-employed).
Since we are interested in describing the composition of workers in different

'2 November is the month of measurement for Sweden’s official annual employment statistics.

1 Swedish law does not determine a minimum wage. We define the minimum wage by the pub-
lished mean monthly wage of janitors employed by local municipalities each year (14,100 SEK
in 2000).
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workplaces, we exclude workplaces with less than 5 employees.'* Apart from
the number of employees, we characterize the workplaces by the municipality
(289 groups) and industry" (38 groups). In addition to the workplace informa-
tion we use data on individual characteristics: age groups (<30, 30-49 and 50+),
educational groups (7 categories) and gender. Table I shows some descriptive
statistics.

4.2 Expected and excess exposure

This section presents the results from an analysis of workplace segregation in
Sweden using the measure of exposure presented above. We study the conse-
quences of and arguments for conditioning on different sets of covariates in the
measurement of exposure.

Row (1) of Table 2 shows the observed level of own-group coworker expo-
sure among immigrants in Sweden. We begin by discussing exposure to other
immigrants regardless of origin, and then turn to exposure to people from one’s
own birth region. The actual value of “Immigrant exposure” says that the aver-
age immigrant in Sweden has about 21 percent immigrant colleagues. Row (1)
also shows analytical standard errors that are cluster-corrected for dependen-
cies within workplaces. These standard errors facilitate inference without simu-
lations or bootstrapping, something which is not typically possible for meas-
ures of segregation.

The validity of the analytical procedure is confirmed by the fact that the re-
sults (expectations and confidence intervals) are similar to what we retrieve by
simulations and bootstrapping.'® Note that in addition to the advantage of
avoiding simulations, the analytical values are necessary when we, as in section
4.4, investigate the relation between earnings and expected exposure at the in-
dividual level.

The “Expected value” column in rows (2) through (6) shows the average
expected value of exposure, when conditioning on various sets of variables.

14172 (18.6) percent of the native (immigrant) workers work in establishments with fewer than
5 employees. These numbers include the 5.6 percent that do not have a well-defined physical
workplace.

'3 Industry is based on the “reduced” 2-digit industries that are the smallest common denominator
between the classification systems SNI-92 and SNI-69

' Simulated values for expected exposure are presented in Table 3. Bootstrapped confidence in-
tervals (cf. Table 2), based on bias-corrected results from 500 workplace-based replications were
[0.2028-0.2150] and [0.0472-0.0504] respectively.
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The second and fourth columns present the value of relative overexposure, R,

(i.e. observed exposure divided by the expected value).

The unconditional expected value in row (2) of just below 10 percent indi-
cates that the observed exposure is about two times the exposure one would see
under random allocation of individuals; R, is2.1. A first natural candidate for

conditioning is human capital. Groups may differ in terms of e.g. age, gender
and education, and this may be a cause of segregation in the labor market. Row
(3) shows that conditioning on these variables yields a value of expected expo-
sure that is only slightly higher than the unconditional rate.

So far we have implicitly assumed that under random allocation, a person is
as likely to work in any establishment in Sweden. This is of course not reason-
able in many cases; it is not surprising that workplaces in regions where there
are no immigrants have few immigrant employees. A commonly used method
is to restrict the analysis to a smaller region that constitutes a local labor mar-
ket. However, we are often interested in an average level of segregation in e.g.
a country. It is clear that conditioning on municipality increases the expected
level of exposure (rows (4) and (5) in Table 2), indicating that the geographic
distribution of immigrants and natives differ to some degree. It should, though,
be noted that the geographic sorting may not be exogenous to the process of
workplace segregation.

The endogeneity issue is even more important when we, as in row (6), con-
dition also on industry. Segregation by industry can be a result of e.g. discrimi-
natory practices that vary across industries. On the other hand, segregation in
this dimension may also arise if the members of one group possess qualifica-
tions that are more suitable for a particular industry. The table gives a value of
relative overexposure (R, ) of 1.3 conditional on human capital, municipality,

and industry. This is certainly lower than the unconditional R, of 2.1, suggest-

ing that much of the segregation we observe can be explained by the factors
conditioned on in the analysis. However, the results can also be interpreted as
saying that even with controls for a lot (remember that the conditioning is fully
interacted), immigrants still tend to have 33 percent more immigrant colleagues
than what would be the case under conditionally random allocation. It is obvi-
ous that the actual value in all cases is significantly larger than the expected
value, in both the economic and the statistical sense.
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Table 2 Workplace segregation between immigrants and Swedish-born.

Immigrant exposure Region-group exposure
(1) Actual value 0.2078 0.0489
(standard error) (0.0031) (0.0008)
0

[95 % confidence [0.2017-0.2139] [0.0473-0.0505]
interval]
Predictions Expected Relative Expected Relative

value overexposure value overexposure

(Rx) (Rx)

(2) Unconditional 0.0988 2.101 0.0095 5.126
(3) Conditional on
human capital 0.1045 1.981 0.0104 4.702
(4) Conditional on
municipality 0.1190 1.748 0.0160 3.055
(5) Conditional on
human capital and 0.1263 1.651 0.0180 2711
municipality
(6) Conditional on
human capital, munici- 0.1561 1.333 0.0268 1.821

pality and industry

Note: Analytical standard errors are cluster-corrected to account for dependences within work-
places. Bootstrapped confidence intervals are bias-corrected results from 500 workplace-based
replications. Human capital of colleagues is captured by gender, age (3 dummies) and education
(7 dummies). Region-group exposure is immigrants’ average fraction of coworkers that are from
the same region of origin (26 regions).

Turning now to region-group exposure, we find that the average immigrant
has slightly less than five percent colleagues from his own birth region, which
is about five times more than what we would expect from an unconditional
random allocation (row (1)). It is interesting to see that conditioning on mu-
nicipality decreases the relative overexposure to “countrymen” more than the
corresponding measure for immigrant exposure. The value in row (4) is 40 per-
cent lower than that in row (2) for “Region-group” overexposure, whereas the
corresponding difference for immigrant exposure is 17 percent. This pattern re-
flects the tendency of specific immigrant groups to cluster geographically, and
emphasizes the importance of conditioning to avoid premature conclusions in
analyses of ethnic workplace segregation.
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4.3 Other measures of segregation—randomization results

We now turn to study how our method for conditioning affects two widespread
measures of segregation: the Duncan index and the Gini coefficient.'” For these
measures (and any other segregation index), we can create counterfactual dis-
tributions via randomized allocation of individuals over units. These distribu-
tions are then used to compute expected levels of segregation. Note however,
that this exercise is somewhat more computer intensive since it requires re-
peated simulations for the inference.

The structure of Table 3 is the following: The first row of figures in each
“cell” is the expected level of segregation; its standard deviation is in parenthe-
ses. The figures in brackets are the implied “indices of systematic segregation”
(see section 3.3). The first column of the table presents the randomization re-
sults for immigrant exposure among immigrants. It is clear that the randomiza-
tion procedure yields results that are very similar to the analytical expectations
presented in Table 2. Thus, using the index of exposure makes simulations un-
needed in this context. Columns 3 and 4 show how the Duncan index and the
Gini coefficient are affected.

In their analysis of inter-firm racial segregation in Chicago, Carrington &
Troske (1997) find “raw” levels of segregation that correspond roughly to the
values in row (1) of Table 3: they report a Duncan index of 0.504 and a Gini
coefficient of 0.664. It is also interesting to note that their analysis yields a de-
gree of “systematic segregation” (2 ) that is not too far from our (uncondi-
tional) estimates: 0.251 and 0.344 respectively for Chicago compared to 0.281
and 0.411 for Sweden (row (2)).

Our analysis also shows that conditioning on an increasing number of
X-variables affects the two standard indices in a way similar to what we find
for the exposure index. The conditional Duncan index of row (6) gives a Z
value of 0.097. Taking the distribution across individual characteristics, mu-
nicipalities and industries as exogenous, this value says that we only observe a
systematic segregation that is 10 percent of what it could be. This is considera-
bly lower than the corresponding unconditional figure of 28 percent.

'7 For definitions, see the appendix.
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Table 3 Randomization results: Exposure and segregation.

Exposure Duncan Gini

(1) Actual value 0.208 0.432 0.602
Predictions:

(2) Unconditional 0.0988 0.2094 0.3233

(0.0003) (0.0006) (0.0008)

[0.121] [0.281] [0.411]

(3) Conditional on human capital 0.1045 0.2153 0.3294

(0.0003) (0.0006) (0.0008)

[0.115] [0.276] [0.406]

(4) Conditional on municipality 0.1190 0.3082 0.4325

(0.0003) (0.0007) (0.0008)

[0.101] [0.179] [0.298]

(5) Conditional on human capital and 0.1263 03118 0.4384

municipality (0.0003) (0.0007) (0.0008)

[0.093] [0.174] [0.291]

(6) Conditional on human capital, municipality 0.1561 0.3706 0.5184

and industry (0.0003) (0.0007) (0.0008)

[0.061] [0.097] [0.173]

Note: Human capital of colleagues is captured by gender, age (3 dummies) and education (7
dummies). Predictions are based on randomization (500 replications), standard deviations from

these randomizations are in parentheses. Implied indices of systematic segregation ( Z ) are in
brackets (see equation 14 in section 3.3). See the appendix for definitions of the Duncan and Gini
indices.

4.4 Exposure and earnings

We started the introduction by noting the link between segregation and other
topics in economics, e.g. the study of social interactions. In this context segre-
gation is a factor that potentially affects another variable of interest. In this sub-
section we illustrate one approach to study the effects of segregation on indi-
vidual outcomes. It should be noted that the identification of social interaction
effects is a non-trivial task, and that the analysis below abstracts from many
important empirical problems that should be taken seriously in a more rigorous
analysis (see e.g. Manski 1993).
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We include only immigrants in this part of the analysis, and begin by esti-
mating the following earnings equation

Iny, =ﬂMZiM + e, +u;, (16)

where Z I.M contains individual characteristics (education, age, gender, dummies

for region of origin, and dummies for five-year periods since migration). Indi-
vidual level immigrant exposure (e;) is the explanatory variable of primary in-

terest. The results in column (1) of 7able 4 show that immigrants who have
many immigrant colleagues have significantly lower earnings than other immi-
grants.'”® A standard deviation in immigrant exposure amounts to 0.20," and
according to the estimate such an increase in exposure is associated with about
6 percent lower earnings.

In (16), identification of y comes from exposure variation in many dimen-
sions, e.g. between municipalities and industries. An interesting issue is
whether the negative correlation between exposure and earnings is present in
every dimension. Figure 1 below suggests that this is not the case. The figure
plots standardized earnings® and exposure, averaged by municipality and in-
dustry respectively. The graphs tell us that earnings are actually higher in mu-
nicipalities with high own-group exposure among immigrants, but that earnings
fall with higher exposure when we compare industries.

In other words, changing exposure may be associated with different expec-
tations on earnings, depending on the source of the change. A related question
is whether the “effects” of expected and excess exposure differ. To this end, we
run regressions where we decompose exposure into expected exposure and ex-
cess exposure in the following way:

e, =(e,— E(e, | X))+ E(e, | X) (17)

'8 One could worry that “immigrant dense” workplaces have more temporary jobs, meaning that
the constructed monthly earnings may be misleading. For example, if a person works only in July
and December, we will erroneously divide total earnings by six instead of two. As a robustness
check we used total annual earnings as the dependent variable. The results were similar to those
in Table 4, although slightly larger in absolute values.

' The average “within-region of origin” and “within-region of origin-and-municpality” standard
deviations in exposure are 0.186 and 0.160 respectively.

2 The values are residuals from the model specified in (16), excluding the exposure variable.
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Table 4 The association between immigrant exposure and immigrant earnings.

Exposure vari-

1 2 3 4
able M @) Q) “)
e —0.291%** —0.333%%*
! (0.012) (0.013)
—0.384%** —0.335%*
—E(e | X
&~ Ele [ X) (0.018) (0.016)
_ k% | BT
E(e;| X) 0.113 0.327
(0.033) (0.039)
Individual con- Yes Yes Yes Yes
trols
289 municipal fe No No Yes Yes
38 industry fe No No Yes Yes
R-squared 0.24 0.24 0.31 0.31

Note: Dependent variable is logarithm of monthly earnings. All regressions include observations
of 313,973 individuals in 60,068 workplaces. See equations (3) and (6) for explanations of the
exposure variables. The expected exposure E(e; | X) is based on human capital, municipality,

and industry. Individual control variables are education (7 dummies), age, age squared, gender,
dummies for five-year periods since migration, region of origin dummies. Human capital of col-
leagues is captured by gender, age (3 dummies) and education (7 dummies). Standard errors (in
parentheses) are cluster-corrected to account for dependencies within workplaces.

According to the estimates in column (2) of Table 4, earnings have a
stronger negative correlation with excess exposure than with expected expo-
sure. Both coefficients are negative and significant, but the one for excess ex-
posure is more than three times as large in absolute value.

The next step is to see what happens to the correlation between earnings and
exposure if we exploit only within-municipality / -industry variation in expo-
sure. Indeed, this is what one would do to get closer to a causal interpretation
of the estimates. Comparing columns (1) and (3) of Table 4 suggests that the
correlation between earnings and observed exposure is about the same, with
and without municipality and industry fixed effects.
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Notes: The regression coefficient for the municipality fitted values is 0.40 (se 0.06).
The corresponding figures for industries are -0.72 (0.25).

Figure 1 Immigrant earnings and immigrant exposure by municipality and in-
dustry.

However, when these fixed effects are included in the decomposed model of
column (4), there is no longer much difference between the estimates for ex-
pected and excess exposure.”’ This is no big surprise, given the rather subtle
difference in variation that the estimates are based on. Remembering the region
and industry fixed effects included in the regression, we can interpret the find-
ing in the following way. Exposure caused by the fact that one works in an in-
dustry having an unusually immigrant dense work force in my particular mu-
nicipality— ( E(e; | X') )—correlates with earnings roughly in the same way as

does excess exposure from being in a workplace that has unusually many im-

2! 1t is worth mentioning that the identification of the parameter for expected exposure comes
from the interactions between human capital, municipality, and industry. Had our measure of ex-
pected exposure not been fully interacted, there would in principle be no variation given the other
explanatory variables of the earnings model.
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migrants given that it belongs to a particular industry in a particular municipal-
ity (ei _E(ei | X))

The results above show that different variables associated with immigrant
exposure have different relationships to earnings. Immigrants living in munici-
palities with high immigrant densities earn more than other immigrants, while
immigrants in immigrant dense industries earn less. On the other hand, when
we control for municipality and industry we see that the predictions based on
the interactions of municipality, industry and coworkers’ human capital has a
negative relationship to earnings that is very similar to that of the unexplained
exposure. Thus, a slightly speculative interpretation of the results is that it is as
bad to work at an immigrant-dense workplace regardless of why it is immi-
grant-dense, as long as we control for the municipality (i.e. regional differences
in earnings and/or exposure).

The purpose of this analysis is to illustrate how measures of exposure and
segregation can be used as explanatory factors in economic analysis. It may
obviously be premature to give the results a causal interpretation. Suppose, e.g.,
that workers are sorted across establishments based on skills, and that skills de-
termine earnings. If immigrants are overrepresented among the low-skilled (in
the unobserved sense), we would expect the correlations observed here. On the
other hand it is worth noting that—in addition to individual control variables—
the regressions include fixed region and industry effects, which makes a causal
link more likely.

5 Concluding remarks

In the introduction we argued that there is a need to connect studies of segrega-
tion to other empirical fields in economics. To ease this process, measures of
segregation need to be interpretable in an economic context. We are e.g. often
interested in the factors driving segregation. In such cases there is a need for
conditional measures of segregation. This paper’s first contribution is a general
method of conditioning on covariates in the study of segregation. The basic
idea is that for any set of discrete characteristics, there is a certain probability
that a person belongs to a particular group. These probabilities can then be used
to compute an expected level of segregation. The method is fully non-
parametric and can be used on any measure of segregation.
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We also show that an index of exposure that excludes the individual him-
/herself from the calculations has several advantages. It has an intuitive eco-
nomic interpretation that emphasizes social contacts and is well-defined at the
individual level. The measure is also generalizable to the multi-group case, and
allows for straightforward cross- and subgroup comparisons. It also provides
measures of expected segregation without simulations.

Our empirical application to immigrant-native workplace segregation sug-
gests that conditioning has a substantial influence on the level of excess or sys-
tematic segregation. The qualitative impact is similar for our measure as for
commonly employed measures of segregation. Still, also when controlling
for—perhaps too—many factors, immigrants have disproportionately many
immigrant colleagues compared what we would find with procedure based on
random allocation conditional on covariates. The excess workplace segregation
that remains after conditioning on e.g. region of residence comes much closer
to what Bayer et al. (2004) call “pure” segregation. In many applications, this is
what we would like to measure.

We also show how one can link segregation to individual labor market out-
comes. The tentative estimates suggest a clear negative correlation between
earnings and own-group exposure among immigrants. At face value, the results
say that workers with ten percentage points higher exposure have about 3 per-
cent lower earnings. To us, the provisional results presented here signal that
further investigating the patterns and causes of ethnic workplace segregation as
well as its impact on earnings and job stability are important questions for fu-
ture research.
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Appendix

The expected value of the Duncan index

The Duncan index (D) of segregation equals the sum over all units of the units’
deviations from the exactly even distribution. Using the formulation in Carring-
ton and Troske (1997):

R

Np

where D" is the deviation from evenness in unit w. If we denote the probability
that unit w has exactly » minorities by p" (m=n) we get

I s"—n n
2|N(l-p) Np

E(D)= ZZp (m

w n=0

We can calculate an expected value for the Duncan-index in the absence of
segregation if we group units by X, with a specific probability p(x) for each x
that an individual belonging to the unit is a minority. It is required that p(x)
does not vary within a unit. Empirically, p(x) is given by the realized fraction
of minorities in group x:

Sn

__ wex

p(x) = S

wex

The expectation is consequently generated by using the binomial distribution
and summing over all units over all possible realizations:

50)= 3 6[p" ()= 2 3 intns,pie >)2§N ]

— p) Np|
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Definitions of the Duncan index and the Gini coefficient

Massey & Denton (1988) give the following definitions of the Duncan index
(D) and the Gini coefficient (G).

D= c |: ti|pi_P| }
=/ 27P(1- P)

2 titj‘pi_p_j‘
& 212 P(1-P)

J

7

G:

3

where ¢, and p; are the total population and minority proportion of unit 7, 7'

is the total population, and P is the minority proportion in the total population.
The total population is distributed over » units.
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