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Abstract

This paper analyzes the relationship between unexplained racial/ethnic
wage differentials on the one hand and social network segregation, as mea-
sured by inbreeding homophily, on the other hand. Our analysis is based
on both U.S. and Estonian surveys, supplemented with Estonian telephone
communication data. In case of Estonia we consider the regional variation
in economic performance of the Russian minority, and in the U.S. case we
consider the regional variation in black-white differentials. Our analysis
finds a strong relationship between the size of the differential and network
segregation: regions with more segregated social networks exhibit larger
unexplained wage gaps.
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1 Introduction
It has been consistently found that on average, members of ethnic or racial
minorities earn less than those of the majority group. For example, Altonji
and Blank (1999) report that blacks earn 21% lower hourly wages compared to
whites in the United States in 1995. Similar wage gaps also characterize a large
number of other groups, for instance whites and Hispanics in the U.S. (Altonji
and Blank, 1999), Blacks and Pakistanis in the U.K. (Blackaby, Leslie, Murphy,
and O’Leary, 2005), Russians and Estonians in Estonia (Leping and Toomet,
2008), Serbians and Albanians in Kosovo (Bhumaik, Gang, and Yun, 2006), and
Turks and Bulgarians in Bulgaria (Giddings, 2002). Current treatments of the
systematic difference in minority-majority wages focus on the personal char-
acteristics of minority employees (i.e., education, job-related training, etc, see
Altonji and Blank (1999) for a review), with employer discrimination assumed
to drive the residual wage gap.

A couple of objections against discrimination-based explanations have been
raised, however, most famously the paradox that competitive market forces
should drive out discriminatory employers and thus lead to the extinction of
wage gaps (Arrow, 1972, 1998). Arrow (1998) suggests that social networks,
that is, job contacts and other social relations, may provide an alternative ex-
planation for the existence of wage gaps.

The role of social networks in the labor market has been historically the
domain of sociologists, see for example Granovetter (1974) for a classic ref-
erence. More recently, economists also have devoted attention to this topic.
Montgomery (1991) considers a labor market model in which firms employ the
social contacts of existing employees to find suitable workers. Job candidates
that apply to a vacancy without having a contact at the firm suffer from adverse
selection, and hence, firms offer higher wages to referred job candidates. Calvó-
Armengol and Jackson (2004) explicitly model the social network as a graph
of social links between employed and unemployed workers, in which employed
workers forward vacancies to unemployed friends. They show that the proba-
bility of finding a job crucially depends on one’s position in the social network;
workers in ‘central’ positions have higher employment rates.

There is indeed ample empirical evidence that social networks matter for
jobseekers, see Ioannides and Loury (2004) for an overview. On average about
half of all workers find their jobs through friends and relatives (Montgomery,
1991). Job search through social contacts is also cheaper and produces more job
offers than formal methods (Holzer, 1988). More generally, the sociological and
economic literature has shown that one’s individual network position matters
for socioeconomic outcomes with regard to manager achievement (Burt, 1992),
technological diffusion (Coleman, Katz, and Menzel, 1966), or school perfor-
mance (Calvó-Armengol, Patacchini, and Zenou, 2009). However, while there
is considerable micro-level evidence of the relevance of social network structure
on individual economic outcomes, little is known at the macro-level. That is,
with the exception of Eagle, Macy, and Claxton (2010), there is no research on
whether global structural properties of a community’s social network are related
to aggregate economic outcomes.

Existing micro-level evidence, however, is insufficient to establish the exis-
tence of a macro-level relationship between network structure and economic out-
comes. The insufficiency of existing research follows from the well-documented
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failure of macro level economic phenomena to represent mere aggregation of
micro-level preferences. For instance, in case of discrimination and segregation,
Schelling (1978) shows that small micro-level discriminatory preferences regard-
ing segregation can be amplified to large residential segregation outcomes at the
macro-level. On the other hand, Becker (1957) shows that large discriminatory
preferences on average do not necessarily result in large discriminatory wage
gaps at the macro level. Market forces and labor market sorting drive minori-
ties to the least prejudiced employers, such that, eventually, the wage gap at
the macro-level may be rather small.

The aim of this paper is to provide empirical evidence of a macro-level re-
lationship between network structure and economic outcomes. Our economic
outcome of interest is the well-documented gap in labor market outcomes and
wages between members of racial or ethnic minority and majority groups. We
focus on the relationship between the ethnic wage gap and a critical structural
network property: inbreeding homophily. Inbreeding homophily is the tendency
of individuals to have friendships with similar others, in our case, the tendency
of minority (majority) group members to have more friendships with members
of their own minority (majority) group, relative to the proportion of same eth-
nicity friendships one would expect to observe if friends were chosen randomly.
Theoretical network models suggest that inbreeding homophily is a crucial fac-
tor causing labor market inequality (Montgomery, 1991; Calvó-Armengol and
Jackson, 2004; Van der Leij and Buhai, 2008). We examine this empirically.

We employ data from two different countries, Estonia and the United States.
In Estonia, we consider wage gaps between Estonians, the native majority group,
and Russians, a minority group comprising about 30% of the population in Es-
tonia. We employ a unique data set in order to measure structural properties
of the network, inbreeding homophily in particular. This data set consists of a
one-day log of fixed-line telephone calls of the main telephone provider in the
country. The data set includes information on the location of the sender and
receiver of the calls, and most importantly, their ethnic identity. This allows us
to construct a measure of inbreeding homophily in each region, which we then
compare to the wage gaps between Estonians and Russians in each region in
Estonia. For the United States, we consider the wage gaps between blacks and
whites at the metropolitan level. In order to obtain a metropolitan measure of
inbreeding homophily, we employ data from the Social Capital Benchmark Sur-
vey (SCBS), a survey containing information on the social and racial diversity
of friendships, income and employment, among others.

Our main result is that unexplained wage gaps at the regional level are larger
in regions with a higher degree of inbreeding homophily. In other words, regional
wage gaps are larger in regions where residents are more likely to choose same
race or ethnicity friends. This result holds for the relationship between network
structure and wage gaps in both Estonia and the United States. These results
are robust to introducing controls for the relative size of a minority within a
region, a measure that has often been employed in the literature on race and
economic effects (Card and Rothstein, 2007).

Our paper provides the first empirical evidence at the macro-level relating
network segregation to inequality at the labor market. Earlier work by Eagle,
Macy, and Claxton (2010) has found that measures of network diversity at
the community level are related to the social and economic development of a
community. Eagle et al. also derive network structure measures from national
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(U.K.) telephone data at the community level. In contrast to Eagle, Macy,
and Claxton (2010), however, we focus on the relationship between ethnic and
racial inbreeding homophily and ethnic and racial inequality. The Estonian
telephone call dataset is unique as it also has information on the ethnicity of
the telephone holder (as proxied by preferred language). Thus, we can measure
the ethnic segregation of social networks directly, while Eagle et al. focus on
network diversity in terms of time, space and structural holes.

We do not identify the causal direction of the relation between wage gaps
and inbreeding homophily, nor do we intend to. Such causal identification is dif-
ficult in general, and in particular with non-experimental non-longitudinal data
(Manski, 2000). Instead, we provide a discussion of potential mechanisms lead-
ing to the above-mentioned relationship, namely discrimination and prejudice,
residential and occupational segregation, and network effects. Future research
should provide causal evidence for these mechanisms.

The rest of the paper is divided as follows. Section 2 discusses the network
measure of homophily, and explains our empirical strategy. Section 3 presents
the results for Estonia and Section 4 those for the United States, Section 5
includes discussion and Section 6 concludes.

2 Methodology
In this section we, first, discuss the social network measure that we focus on,
inbreeding homophily. Next, we explain the empirical strategy. The main idea
of our strategy is the following: in the first step we estimate the unexplained
racial/ethnic disparities by regions, and in the second step we treat the estimated
disparities as the new dependent variables. This parallels the methodology of
Cutler and Glaeser (1997) and Charles and Guryan (2008).

2.1 Homophily and inbreeding homophily
People often choose friends who are similar to them in important ways (Blau,
1977; McPherson, Smith-Lovin, and Cook, 2001). This basic principle, captured
in the aphorism “birds of a feather flock together”, is termed homophily in
the social network literature (Lazarsfeld and Merton, 1954; McPherson, Smith-
Lovin, and Cook, 2001). Various types of segregation have been documented
in labor markets (Hellerstein and Neumark, 2007), electronic communication
(Leskovec and Horvitz, 2007) and friendship relations (Mayer and Puller, 2008).

Following Currarini, Jackson, and Pin (2009), the relative frequency with
which individuals socially interact with other people who are similar to them-
selves is captured by the homophily index.1 Take a population N of size N ,
partitioned into two or more groups on the basis of personal characteristics,
such as race or ethnicity. Nt then denotes the size of the group Nt containing
people of type t, and wt = Nt

N gives the relative proportion of individuals of
type t in the population.

Now, let si equal the number of ties formed by individual i ∈ N with similar
type individuals, and di the number of friendships ties formed with different

1Homophily is a measure of the isolation dimension of segregation according to the classi-
fication by Massey and Denton (1988).
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individuals. Given this, the homophily index is computed as:

hi =
si

si + di
(1)

The homophily index does not take into account the size of the group with
members of type t. Indeed, given type-blind forming of ties, the expected value
of hi would be the relative size of the group individual i belongs to, wti . A simple
and intuitive way to adjust for the group size results in inbreeding homophily,2
defined as (Coleman, 1958):

IHi =
hi − wti

1− wti

(2)

IHi can range between −wti

1−wti
(when a person has a strict preference for friend-

ships with out-group members, termed heterophily) and 1 (when a person only
forms friendships with in-group members), where IHi = 0 indicates no racial or
ethnic bias (i.e., the ethnic composition of a person’s friendship group mirrors
the ethnic compassion of the regional population.) The inbreeding homophily
index of group t is simply the average inbreeding homophily of its members

IH(t) =
1

Nt

∑
i∈Nt

IHi.

In our analysis, we focus on the inbreeding homophily index of the minority
group.

Empirically, several studies suggest that inbreeding homophily is non-mono-
tonically related to the size of the minority group as a proportion of the popula-
tion (Blau, 1977; Moody, 2001; Currarini, Jackson, and Pin, 2009). For example,
homophily is lower among both minority and majority groups in schools where
minority students make up only a small fraction of the student population. As
the relative proportion of minority students increases, students are increasingly
likely to choose friends from their own racial or ethnic group. Hence, inbreed-
ing homophily levels are highest when ethnic minorities constitute a substantial
proportion (e.g., 35-65%) of the local population.

2.2 Empirical strategy
Our aim is to relate the minority inbreeding homophily index of a community
to the unexplained gap between majority and minority wages within that com-
munity. For this purpose, we follow a two-step strategy as in Cutler and Glaeser
(1997) and Charles and Guryan (2008).

As a first step, we estimate the wage gap by communities based on the com-
mon socio-economic characteristics. Because of the small size of the community
samples and the low number of racial minority members, we do not employ the
commonly used Oaxaca-Blinder decomposition (Oaxaca, 1973; Blinder, 1973).
Instead, we estimate a common wage regression for the complete data set. We
capture the wage gap by including the vector of community dummies C, vector

2Analogous measures are also called “eta2” (Massey and Denton, 1988), “effective segre-
gation” (Hellerstein and Neumark, 2007) and “isolation index” (Hellerstein, McInerney, and
Neumark, 2008).
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of ethnic minority dummies R, and the community and ethnicity cross-effects
C · R. We also add the common socio-economic characteristics X. We model
the individual wage as

yi = α0 + α′
CCi + α′

RRi + α′
CRCi ·Ri + β′Xi + εi. (3)

We also include individual random effects in case of Estonian panel data. The
parameter of the community-ethnicity cross-effects, αCR, captures the unex-
plained wage gap within the community, and the estimate of this parameter,
aCR, is our measure of interest. The estimation method will depend on the
dependent variable, either a continuous or categorical wage variable, and will
be discussed in the sections on the results.

We use different sets of individual-specific variables in X. This is because
there is no consensus about the “right” set of explanatory variables; it also allows
us to assess the robustness of the results. We estimate a number of models. The
first model only includes a constant and gender; each following model nests the
previous model and includes additional variables, see Appendix A for details on
the sets of explanatory variables for both the Estonian and U.S. data.

The second step involves regressing the community wage gap on the inbreed-
ing homophily variable, IHc, and the percentage of the ethnic minority within
community c, wc:

aCR,c = γ0 + γ1IHc + γ2wc + uc (4)

Note that each observation corresponds to a community c. We estimate this
equation by weighted least squares, in which we weight observations by the
inverse of the variance of aCR,c, obtained in the first-stage wage regression3.

Our primary interest is the estimate of the parameter γ1. If this coefficient
is significantly different from zero, it suggests that social network structure, in
this case inbreeding homophily, are (not necessarily causally) related to wage
gaps at the community level.

3 Estonians and Russians in Estonia

3.1 Background
Estonia is a small country in North-Eastern Europe, bordering Russia and
Latvia, with a population of about 1.3 million. Before the Second World War,
almost 95% of the inhabitants were of ethnic Estonian background speaking Es-
tonian, a language rather different from Russian. During the early years of the
war, the country was seized by Soviet troops and later incorporated into the So-
viet Union. The years of brutal Stalinist regime destroyed the relations between
Estonians and Russians, which had been quite friendly up to that point.

3As an alternative to the two-step procedure, it may seem attractive to perform the esti-
mation in a single stage by estimating the individual wage regression in the form:

yi = α0 + αIH · IHci + αr ·Ri + αIHR · IHci ·Ri + β′Xi + ηi, (5)

where IHci is the estimated inbreeding homophily in the community of individual i, and α0,
αIH , αc, αIHR and β are parameters. In that case, αIHR would be the main parameter of
interest. However, if the true model is specified by equations (3) and (4), then a regression of
model (5) would face an endogeneity problem. This can be seen by noting that under (3) and
(4), the error term, η, would be a compound of ε and u′R, and hence, η would be correlated
with the ethnic dummies, R. Hence, the two-stage procedure is more appropriate.
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After the war, new industrial workplaces attracted many workers from the
neighboring Soviet republics. This led to a substantial immigration of mostly
Russian-speaking people, with Russian speakers constituting almost 40% of the
Estonian population by the final years of the Communist Regime. Estonian lan-
guage and culture were not directly threatened by the Soviet state (although use
of Russian was strongly promoted), but the steady increase of Russian-speaking
population gradually eroded the domains where Estonian was commonly spo-
ken. In a number of industries, such as mining and merchant fleet, the army,
and most of the large firms, the Estonian language was of little use. As a re-
sult, the native population was increasingly concerned about the future of their
culture and identity. The authoritarian regime was unwilling to address the
concerns of native Estonians, leading to a further deterioration in relations be-
tween members of the two language groups. Ethnic Estonians and Russians
lived in a largely segregated country, working in largely segregated workplaces
and following media outlets in their native language.

Estonia became independent again following the coup of August, 1991. The
new country immediately began to implement policies that encouraged the use
and teaching of Estonian while the Russian language, no longer compulsory in
the school curriculum, began a retreat from public life. The new authorities
introduced several measures favoring the native population, including granting
citizenship based on knowledge of Estonian, now the sole official language of the
country. After two decades of independence, the language groups are still far
from being integrated. The relationship between them is commonly considered
“normal” though somewhat tense in periods. Most notably, tensions exploded to
large-scale riots in Tallinn in spring 2007. In everyday life, the two ethnic groups
live in separate social worlds with limited intergroup contact. The separate
worlds are also reflected in media which may present quite different viewpoints
depending on the language (Korts and Kõuts, 2002). There is little evidence
about direct discrimination, but a survey suggests that 37% of Russian speakers
perceive discrimination to be common (Pettai, 2002).

In terms of labor market outcomes, ethnic Estonians earn about 15% more
than Russians even after controlling for observable characteristics (Leping and
Toomet, 2008). The wage gap between the two groups did not exist during the
years of Soviet rule, but emerged shortly after Estonia was granted indepen-
dence. The wage gap has not decreased over time, but is today roughly the
same size it was when it first appeared in the early 1990s. It is noteworthy that
knowledge of Estonian language does not seem to have a major impact on the
size of the gap except at the very bottom of the wage distribution (Toomet,
2011), suggesting that language skills are not sufficient to erase the disadvan-
tages experienced by Russian speakers.

Below, we investigate whether the above mentioned wage differential is re-
lated to inbreeding homophily in Estonia at the regional level. The regional units
we look at are counties and municipalities. The country is administratively di-
vided into 15 counties, population of which varies from 10,000 to 500,000; and
the minority percentage from 0.01 to 0.80. The counties are good proxies for the
local labor markets as they include an urban center within commuting distance
of less than an hour for most of the inhabitants. Since the number of counties
is small, we repeat the analysis at the finer level of municipalities as a robust-
ness check. Estonia is administratively split to 241 municipalities. Due to small
number of observations in most of them, we retain only regions which contain at
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least 10 observations of both ethnic group and hence our final data includes 55
municipalities. Although the sample size is dramatically larger, municipalities
are far less perfect proxies for the local labor market.

3.2 Data
The analysis is based on two different data sources: landline telephone commu-
nication for the network data and a labor force survey to measure wage gaps.

The telecommunication data originates from a landline telephone service
provider. We observe all private telephone calls in the providers network during
a single day in 2006. The data covers about 200,000 phones and 450,000 calls.
The dataset includes information that is needed for billing the contract holders,
like caller and receiver ID, and duration and time of the call. We also observe the
location (district and municipality) of the phones. In addition, the information
on the preferred language of the contract holder, either Estonian or Russian, is
collected by the telecom company for marketing purposes.

Our data are potentially subject to several types of errors that might bias our
measure of inbreeding homophily derived from the telephone data and ethnic
information. First, language may not be recorded on all accounts, or may be
coded incorrectly. In most cases, the language information is collected only if
it is not Estonian (the official language in Estonia). Second, as the land-line
phones are household specific, multilingual households are coded as monolingual.
Third, there may be systematic difference in use of land-line phones by different
ethnic groups.

In order to assess whether any of these potential errors might bias our net-
work measure, we compare the percentage of telephones with Russian-language
contract holders to different measures on minority households by counties us-
ing year 2000 census data. Statistics Estonia divides households into single-
and multi-language households according to the language. In Table 1 we com-
pare the broadest and narrowest measure of households where Russian might
be considered as the telephone language. The broadest measure includes all the
households where at least one language other than Estonian is spoken (column
NE), the narrowest are the single-language households where Estonian is not
spoken (column NES).

In most cases, the percentage of Russian-language phones (w2) is remarkably
similar to the narrow measure of non-Estonian households. The main exceptions
are Harju (the capital area) where w2 is between the broad and narrow measure,
and Russian-dominated Ida-Viru, where the percentage of Russian-language
phones falls short of the narrow measure by 4 percentage point. We conclude
that the language codes for the phones correspond well to the census household
language data, and therefore we do not believe that our derived measure of
inbreeding homophily is systematically biased.

We use the telecommunications data to directly analyze inter-ethnic commu-
nication. Although we observe just one of the possible communication channels,
use of different communication channels is highly correlated (Haythornthwaite,
2005). Moreover, the large data set allows us to analyze network characteristics
at the regional level.

We construct an undirected network from the telephone call data. Any
phone that was used on the day of analysis constitutes a node. We consider
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Table 1: Different measures of non-Estonian households.

Region NE NES w2

Estonia 0.352 0.249 0.270
Harju 0.440 0.307 0.371
Hiiu 0.041 0.016 0.016
Ida-Viru 0.828 0.663 0.620
Jõgeva 0.134 0.080 0.086
Järva 0.101 0.045 0.048
Lääne 0.163 0.093 0.107
Lääne-Viru 0.204 0.114 0.099
Põlva 0.082 0.043 0.045
Pärnu 0.164 0.096 0.114
Rapla 0.109 0.050 0.049
Saaremaa 0.032 0.011 0.018
Tartu 0.213 0.139 0.145
Valga 0.217 0.133 0.127
Viljandi 0.100 0.045 0.041
Võru 0.088 0.046 0.040

Notes:
NE: percentage of households in which a language, other than Estonian, is
spoken
NES: percentage of household in which only a single language but not Estonian
is spoken
ww: percentage of non-Estonian household in the telephone data.

two individuals linked if there is at least one call between them in the data.4
We exclude all the calls from/to another provider as we have no data on the
caller/receiver. We also exclude loops, phones with erroneous location data, and
phones that made more than 10 calls.5

We calculate the regional homophily measures as explained in Section 2.1
above. We take into account all the calls, taken and received by residents of
the region, including connections to other regions. The analysis based on intra-
regional calls only did not reveal any substantial differences.

The relationship between inbreeding homophily IH and the minority per-
centage in counties and municipalities is given in Figure 1. We see two clear
hump-shaped curves, one for the majority and another for the minority pop-
ulation, similar to those reported in Currarini, Jackson, and Pin (2009). In
particular, the regional inbreeding homophily for Russian-speaking individuals
ranges from about 0 to 0.6.

We now turn to the data for the wage regression models. We estimate the
income models based on the Estonian Labor Force Survey (ELFS). The ELFS is

4We ignore the direction of the link in order to obtain a sufficient amount of observations.
Results calculated on bi-directional ties only, were qualitatively the same.

5Although the sample only contains private phones, a large number of those are presumably
used for business purposes. Below, we excluded all phones with calls to/from more than 10
different phones, removing 8.7% of the phones. The results are robust with respect to this
threshold.
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Figure 1: Relationship between inbreeding homophily and population per-
centage by Estonian counties (upper panel) and municipalities (lower panel).
Telecommunication data. Black dots represent average values across the coun-
ties for Russian-speaking households, white dots are those for Estonian-speakers.
Lines are lowess smoothers.
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conducted quarterly as a semi-rotating panel where each individual is surveyed 4
times over a 1 1

2 year time span. In all, around 4 000 individuals are interviewed
each quarter. The most important variables in our study are the following. First,
we observe the ethnic nationality, the ethnic background. Most people in the
country identify themselves rather clearly with a distinct ethnic group which
we code either as Estonian or non-Estonian. The vast majority of the latter
use Russian as their everyday language, and hence below we use non-Estonians
and Russians interchangeably. Next, we employ information about the last net
monthly salary at the main job. Income from other jobs or other sources is
not included. The survey also provides information about language skills, in
particular the ability to communicate in Estonian. We introduce corresponding
dummies for Estonian as well as for English and Russian. Finally, we include
common socio-economic controls, such as age, education, and family status.

In order to increase the number of individual observations by smaller re-
gions, we aggregate the individual ELFS observations between 2000-2010 for
the counties (2000-2006 for municipalities because of data limitations). We look
only at the individuals between 20 and 60 years of age. Table 2 reports the
average income (in Estonian kroons) by ethnic group, it’s relative difference,
sample size, and percentage of Russian-speaking workers for each county. We
only present data for workers with positive reported wage. Analogous table for
the municipalities is given in the Appendix C.

Table 2: Income and percentage of Russian-speaking workers by counties.

county wage E wage R difference N pct R
Harju 6663 4872 -0.27 13364 0.43
Hiiu 4033 3129 -0.22 2033 0.01
Ida-Viru 4185 3551 -0.15 6584 0.84
Järva 4515 3642 -0.19 1717 0.07
Jõgeva 4564 3577 -0.22 2334 0.05
Lääne 4386 3868 -0.12 1307 0.11
Lääne-Viru 4478 4213 -0.06 3941 0.16
Pärnu 4143 4659 0.12 1696 0.04
Põlva 4491 3799 -0.15 2585 0.13
Rapla 4863 4115 -0.15 1958 0.06
Saare 4493 3453 -0.23 2064 0.02
Tartu 5076 3933 -0.23 4574 0.16
Valga 4137 3843 -0.07 2145 0.16
Viljandi 4376 3676 -0.16 3238 0.06
Võru 4257 3712 -0.13 1635 0.05

Notes: Only individuals with positive wage reported.
“wage E” and “wage R”: average wage of Estonian- and Russian speakers respec-
tively.
“difference”: relative difference of these wage measures
“N”: the number of observations in each county.
“pct R”: the relative percentage of Russian-speakers, based on the telephone
data.
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The table gives a picture of the counties, which vary widely in size and
percentage of the minority population. The largest county is Harju (the capital
region) with more than 13,000 observations, the smallest is Lääne with about
10 times fewer wage-earners in the sample. The Russian-speaking workers earn
less in almost all the regions. Average Russian wages are 10-20% lower in most
regions, with the largest difference of 27% observed in Harju county. The only
region where Russian-speakers earn more than native Estonians on average is
Pärnu county.

3.3 Results on wage gaps
We first investigate the relation between unexplained wage differentials and
homophily. We estimate a Mincer-style wage equation, were we include com-
mon socioeconomic characteristics (in different combinations), such as gender,
age, years of education, immigrant status, family status, and Estonian, Rus-
sian and English language skills, industry and occupation (see Appendix A).
We also include a dummy for ethnicity and dummies for regions. The region-
specific unexplained wage differentials are captured by the ethnicity dummy in
the corresponding regions (the cross-effects between ethnicity dummy and re-
gional dummies). We choose to present the gaps relative to the average over all
the regions (as in Suits, 1984).

We calculate the regional wage gap by pooled ordinary least squares (OLS)
and random effect models. As the pooled OLS model is strongly rejected by the
Breusch-Pagan test, we focus on the random effect model below. Results of the
first stage wage regression with random effects for model 2 at the county level
are given in Table 7 in Appendix A.

In the second stage, we regress the estimated regional wage gaps, weighted
by the corresponding variance estimates, on inbreeding homophily and minor-
ity fraction, both measured from the telephone call data set. The results are
shown in Table 3. The upper panel shows the results at the county level, and
the lower panel at the municipality level. The relationship between the gap and
inbreeding homophily is negative and statistically significant for all the models.
The relationship is remarkably stable with respect to including different sets of
explanatory variables in the first stage wage regression. Moreover, the estimated
effect is large. The point estimate of -0.363 (Table 3, Model 2, counties, ran-
dom effect) suggests that a switch from a county without inbreeding homophily
(random matching) to a fully segregated county is associated with an increase
of the wage gap by 30 percentage points.

The relationship is represented graphically in Figure 2. The negative slope
is rather clear. We can also see that the unexplained gaps roughly correspond to
the average differences in Table 2 (note that in the Figure, we plot the differences
with respect to the country average).

The coefficient is lower for model 5, which includes industry and occupation
controls, suggesting that industry and occupation of work are partly related to
networks. Estimates of the pooled OLS model are of similar magnitude but
slightly lower.
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Figure 2: Relationship between the unexplained wage gap and inbreeding ho-
mophily across Estonian counties (upper panel) and municipalities (lower panel).
The unexplained wage gap is computed from Model 2 using a random effects
estimator

13



Table 3: Community-wise wage gap as a function of homophily and minority
percentage. Estonia

Variable Model 1 Model 2 Model 3 Model 4 Model 5
Counties: pooled OLS

Constant 0.294*** 0.245*** 0.245*** 0.222*** 0.178***
0.085 0.072 0.070 0.069 0.050

IH -0.599*** -0.461*** -0.464*** -0.414*** -0.327***
0.163 0.137 0.134 0.132 0.095

Minority pct -0.315*** -0.351*** -0.354*** -0.308*** -0.275***
0.097 0.082 0.080 0.079 0.057

R2 0.637 0.6855 0.699 0.649 0.721
# obs 15 15 15 15 15

Counties: random effect
Constant 0.237** 0.198** 0.200** 0.178** 0.152**

0.092 0.083 0.080 0.080 0.063
IH -0.473*** -0.363** -0.369** -0.323** -0.271**

0.178 0.160 0.154 0.153 0.120
Minority pct -0.279** -0.298*** -0.300*** -0.259*** -0.239***

0.111 0.099 0.095 0.095 0.074
R2 0.512 0.524 0.548 0.480 0.545
# obs 15 15 15 15 15

Municipalities: pooled OLS
Constant 0.165*** 0.162*** 0.168*** 0.138** 0.108**

0.063 0.059 0.058 0.058 0.043
IH -0.353*** -0.310*** -0.326*** -0.272*** -0.215***

0.109 0.101 0.100 0.099 0.075
Minority pct -0.254*** -0.288*** -0.287*** -0.242*** -0.189***

0.083 0.077 0.076 0.076 0.057
R2 0.2184 0.2481 0.2576 0.2 0.2143
# obs 55 55 55 55 55

Municipalities: random effect
Constant 0.148** 0.135** 0.140** 0.112* 0.093*

0.067 0.062 0.061 0.060 0.050
IH -0.309*** -0.263** -0.277*** -0.227** -0.191**

0.117 0.109 0.107 0.106 0.087
Minority pct -0.255*** -0.264*** -0.263*** -0.218*** -0.190***

0.090 0.084 0.082 0.082 0.067
R2 0.1801 0.19 0.1994 0.1481 0.1614
# obs 55 55 55 55 55

Explanatory variables
constant, cubic time,
gender

√ √ √ √ √

age, education
√ √ √ √

marriage, kids, immi-
grant status

√ √ √

language skills
√ √

industry, occupation
√

Note: standard errors in italics.
*: significant at 5% level
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4 Whites and Blacks in the United States
We now turn to the relationship between wage differentials and inbreeding ho-
mophily for whites and blacks in the United States. First, we describe our data
sources and the relevant variables.

4.1 Data
The U.S. analysis is based on the 2000 Social Capital Benchmark Survey (SCBS),
set up by the Saguaro Seminar of Harvard University. The Benchmark study
provides information on racial attitudes and interracial contact in social net-
works. SCBS is a telephone survey administered to approximately 30,000 adults
living in 42 communities throughout the United States. A community typically
corresponds to a metropolitan area or a county. A random sample of between
500 and 1500 respondents is available for each of the 42 communities, along
with a 3000 individual national sample and several area specific racial or ethnic
oversamples.6 The response rate varied considerably across the communities,
and averaged around 30%. The survey contains various measures of personal
social networks, attitudes, socioeconomic background and income.7 We exclude
those areas where less than 10 black respondents were surveyed.

Three communities, St. Paul metropolis, Minneapolis and North Minneapo-
lis, all lie in a single metropolitan area, twin city Minneapolis-St. Paul, and
cannot be considered separate labor regions. Minneapolis-St. Paul is the only
metropolitan area in the SCBS in which several communities were sampled,
and we therefore analyze the data with and without the three communities in
Minneapolis-St. Paul. This leaves us with 30 and 27 communities respectively.

The SCBS asks respondents a number of questions related to their personal
networks. This provides information both on their network composition, types
of people in their networks, and about how much time they spend socializing
with those people.

To compute the racial homophily measure, we combine two socialization
related questions. The first one assesses the general level of socialization and
the second one the level of socialization with friends of a different race. The
exact wording of these questions is the following:

FRDVISIT How many times in the past twelve months have you had friends
over to your home?

FRDRAC How many times in the past twelve months have you been in the
home of a friend of a different race or had them in your home?

To make the two questions comparable, we assume that socializing is reciprocal
and doubled the estimated frequency of having friends over to one’s home. Thus,
the individual homophily index is:

hi = 1− FRDRACi

2 · FRDV ISITi
. (6)

6Screens for African-American and Hispanic samples were used in Rochester, Cuyohoga
and National. Screens were also used to identify an additional 200 lower-income respondents
in Boston, and respondents living within city boundaries in Greensboro city and Delaware.

7See http://www.hks.harvard.edu/saguaro/communitysurvey/index.html for more infor-
mation on the SCBS and data access.
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We truncate h to lie in the interval [0, 1].
The individual inbreeding homophily IHi is calculated in the same way as

defined in (2) where we use the minority percentages in corresponding commu-
nities for wi. These minority percentages are taken from census data by the
designers of the survey. We then take the average over all black respondents
within the regions to get the region-specific network measures.

Only information about total household income is available in SCBS. The
income is reported in different intervals (<$20,000; $20,000-$30,000; $30,000-
$50,000; $50,000-$75,000; $75,000-$100,000; and >$100,000). As SCBS includes
fewer job- and human-capital related measures, we only estimate 3 different
models with different sets of explanatory variables, see Appendix A. All these
variables were taken from the SCBS.

Table 4 presents summary statistics for each community. We can see that
the average income for whites (income W) exceeds that of blacks (income B) in
virtually every community. While the number of whites is in the hundreds in
every community, the number of blacks is in many cases rather low, even below
30.8

We next present the relationship between the inbreeding homophily and
the percentage for the blacks in different communities (Figure 3). Most of the
communities have quite similar percentage of blacks (between 0 and 0.4) with
one clear outlier, North Minneapolis, where the percentage is 0.55. We can
distinguish a familiar hump-shaped pattern (see Currarini, Jackson, and Pin,
2009, Figure 4), however, the presence of the “hump” is largely relying on the
outlier. The curves for whites and blacks seem to fit well together.

4.2 Results
We estimate the association between the regional network segregation and wage
gap with an approach similar to the Estonian case, that is, we first perform
a wage regression according to (3). As SCBS reports income in intervals we
use an interval regression for the first-stage regression (see Wooldridge, 2002, p.
509). From this regression we obtain estimates of the community wage gaps.
In the second stage, in order to quantify the relationship, we estimate an OLS
model, explaining the estimated community wage gap by inbreeding homophily
and minority percentage in the community where the observations are weighted
by their estimated variance. As both inbreeding homophily and minority wage
gaps may be related to the minority percentage, we regress the regional wage
gap on both of these variables. We perform the estimations separately both
including and excluding the communities in the Minneapolis metropolis region.

Results are presented in Table 5. The table shows that the wage gap and
inbreeding homophily are indeed negatively related. With Minneapolis region
included, the coefficient for IH is significant, except for model 1, and the mag-
nitude is large. Excluding the outliers, the estimates become statistically in-
significant but their values remain essentially the same. Figure 4 plots the
inbreeding homophily in the different communities against the residual wage
gaps from model 3. The upper panel of the plot explains the role of the outliers;
one community, namely North Minneapolis, has substantially lower IH value.

8Note that the percentage of blacks (pct B) reported in the SCBS, is based on the 2000
census and not on the racial composition in the survey.
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Table 4: Income and percentage of black workers by community in the SCBS
data set.

income W income B diff (%) N W N B pct B
national 52072 43636 -0.16 1697 451 0.12
atlanta metro 65157 51278 -0.21 249 150 0.31
baton rouge 60120 40018 -0.33 273 144 0.36
birmingham metro 55188 40643 -0.26 297 115 0.30
charlotte region/14 county 55864 44825 -0.20 973 242 0.20
syracuse/onondaga county 50120 35986 -0.28 399 37 0.09
chicago metro 61148 49791 -0.19 416 111 0.18
cincinnati metro 52908 36959 -0.30 753 98 0.12
east tennessee 42219 35562 -0.16 394 24 0.05
houston/harris county 60638 44432 -0.27 209 77 0.18
kanawha valley (wv) 42846 36474 -0.15 396 23 0.05
kalamazoo co. 53263 49470 -0.07 396 33 0.09
los angeles co. 63789 43344 -0.32 177 48 0.08
st. paul metro 59249 42869 -0.28 397 16 0.02
san diego co. 56907 49422 -0.13 294 22 0.06
san francisco (city) 72508 46900 -0.35 256 40 0.04
detroit metro/7-co. 56263 47709 -0.15 298 96 0.21
winston-salem/forsyth co. 55597 40621 -0.27 484 144 0.23
indiana 48103 38575 -0.20 802 40 0.06
cleveland/cuyahoga co. 53295 38703 -0.27 597 205 0.25
greensboro/guilford co. 56160 42805 -0.24 445 178 0.25
peninsula-silicon valley 74423 64801 -0.13 754 39 0.04
seattle 56392 53916 -0.04 376 30 0.09
grand rapids (city) 47876 33070 -0.31 341 58 0.16
boston (city) 57694 43400 -0.25 256 130 0.23
delaware 54219 42652 -0.21 928 177 0.18
rochester metro (ny) 51087 32550 -0.36 616 134 0.09
minneapolis 53927 36607 -0.32 365 38 0.08
north minneapolis 49504 39298 -0.21 220 143 0.55
denver (city/co.) 54137 43975 -0.19 279 60 0.11
phoenix/maricopa co. 54715 56163 0.03 298 18 0.04

Notes: “income W” and “income B”: mean interval household income of whites
and blacks, respectively; “difference”: relative difference of these income mea-
sures; “N”: the number of observations in each community; “pct B”: the relative
percentage of blacks in the community, based on U.S. census data.

However, a negative correlation of similar size is also present in the data of the
other communities (lower panel). The fitted values suggest that the wage gap
is 8 percentage points larger in a community with high inbreeding homophily
(around .60) compared to a community with low inbreeding homophily (around
.45).
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Figure 3: Relationship between the black homophily and percentage by commu-
nities in the United States. Black dots represent blacks and white dots whites.
The lines represent respective smoothed averages. The observation labeled NM
represents North-Minneapolis.

5 Potential Explanations
Our results indicate that a relationship exists between inbreeding homophily and
wage gaps at the regional level, both in Estonia and in the United States. What
drives these results? We discuss three possible explanations: discrimination,
residential or occupational segregation, and social network effects. We do not
intend to test or empirically dissect these explanations, as our data does not
allow for a definite identification strategy. However, the discussion should give
us guidelines for future research on this topic.

5.1 Prejudice and Discrimination
One oft-discussed explanation for differences in labor market outcomes is dis-
crimination by the majority group. Becker (1957) provided the first economic
analysis of discrimination and labor markets in cases where white agents have
explicit preferences for market interaction with whites only. Since then, a large
literature has studied the relationship between discrimination, both preference-
based and statistical, and labor market outcomes, see Charles and Guryan
(2011) for a recent overview. In particular, Charles and Guryan (2008) find
direct empirical support for Becker’s theory of prejudice and sorting; namely,
that black workers are more likely to work for the least prejudiced employers.

If individuals have explicit preferences for market interaction with a partic-
ular race, then one should expect these racial preferences to be even stronger in
the case of social interactions. The very same discriminatory preferences should
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Figure 4: Relationship between the black-white wage gap and inbreeding ho-
mophily by communities in the United States. Wage gap based on model 2.
The lines represent weighted regression fits and corresponding coefficients. The
upper panel includes the outliers (in particular, North Minneapolis), the lower
panel is based on the estimations where the outliers are excluded.
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Table 5: Community-wise wage gap as a function of homophily and minority
percentage. U.S. data.

Dependent variable: inbreeding homophily IH
Variable Model 1 Model 2 Model 3

All regions
(Intercept) 0.083 0.243* 0.225*

0.160 0.133 0.133
IH -0.365 -0.566*** -0.540***

0.250 0.208 0.209
Minority pct -0.217 -0.277 -0.292

0.220 0.183 0.183
nObs 30 30 30
rSquared 0.07371 0.215 0.199

Outliers excluded
(Intercept) -0.011 0.236 0.250

0.327 0.272 0.271
IH -0.176 -0.552 -0.587

0.605 0.504 0.503
Minority pct -0.259 -0.282 -0.286

0.246 0.206 0.206
nObs 27 27 27
rSquared 0.04745 0.116 0.1231

Explanatory variables
constant, region

√ √ √

age, education, citi-
zenship

√ √

family
√

Notes: standard errors in italics.
Significance level: * – 10%, *** – 1%

therefore imply inbreeding homophily. Applying a revealed preference approach
based on a model of racial preferences and meeting opportunities to high school
friendship data, Currarini, Jackson, and Pin (2009) indeed find that high school
children have discriminatory preferences; they value a friendship with a child of
a different race at only 80% of the value of a friendship with a child of the same
race. Wimmer and Lewis (2010) estimate an ERG model on Facebook data of
college students. They, too, find that ethnicity-based preferences are a main
driver of homophily, although not the only one. These two studies provide ev-
idence that inbreeding homophily is at least partially driven by discriminatory
preferences.

It is therefore plausible that these discriminatory preferences at least par-
tially drive both inbreeding homophily and wage gaps, hence the relation be-
tween them. This hypothesis may be examined by repeating the analysis for the
United States, but including a variable that measures the amount of prejudice
within a particular region, similar to the approach of Charles and Guryan (2008).
If the relation between homophily and wage gaps is driven by discriminatory
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preferences, then including a proxy for the mediating factor (i.e., prejudice)
should reduce or eliminate the estimated relationship between homophily and
wage gaps.

5.2 Residential Segregation
Another branch of the literature suggests that ethnic wage gaps are related to
residential segregation with social networks playing only a minor role. This
explanation suggests that residential segregation is the primary cause or conse-
quence of ethnic wage gaps, and inbreeding homophily is just a residual effect
of residential segregation, without necessarily having a feedback effect on the
labor market.

Naturally, residential segregation leads to inbreeding homophily. Residential
proximity is still a primary force behind friendship formation. Hence, residential
segregation limits the opportunity to meet and befriend members from other
races or ethnicities, leading to inbreeding homophily (Wimmer and Lewis, 2010).

Theories on why segregation may be related to wage gaps, often refer to
local human capital externalities (Benabou, 1993; Lundberg and Startz, 1998;
Sethi and Somanathan, 2004). Indeed, there is a substantial heterogeneity in
school quality, many of the lower quality schools being located in ghettos.

In the United States, residential segregation according to race is all too
present and a primary policy concern. It has been an object of intense study,
both in theory, in measurement and in its relation to discrimination and eco-
nomic inequality (Cutler and Glaeser, 1997; Echenique and Fryer, 2007; Cutler,
Glaeser, and Vigdor, 2008). Although earlier studies suggested that more res-
idential segregation leads to more racial inequality (Cutler and Glaeser, 1997;
Bayard, Hellerstein, Neumark, and Troske, 1999), later studies suggest that the
relationship might be negative instead, and that it depends on circumstances
such as income level (Charles and Guryan, 2008; Cutler, Glaeser, and Vigdor,
2008).

The Estonian case, however, strongly suggest that residential segregation is
not a likely explanation of the observed relationship - at least not in Estonia.
This is in part because neighborhoods have never been as segregated in Estonia
as they are in the United States. For example, the capital Tallinn has a Russian
minority of around 40%, but none of the neighborhoods has a Russian popu-
lation of more than 75% (Toomet, Silm, Saluveer, Tammaru, and Ahas, 2012).
More striking evidence against the residential segregation thesis, however, comes
from the swift emergence of a wage gap shortly after Estonian independence in
1991 (Leping and Toomet, 2008). No wage gap existed prior to 1991, and it is
unlikely that segregation increased rapidly enough after 1991 to have played a
major role in the initial emergence of a wage gap during the early 1990s. This
suggests that residential segregation did not play a major role in the emergence
of a wage gap in Estonia, although it may play a smaller role in sustaining the
gap once established via other mechanisms.

Notwithstanding the compelling evidence provided by the Estonian natural
experiment, one might still wish to use statistical controls to assess the poten-
tial contribution of residential segregation to both inbreeding homophily and
labor market outcomes. Such an exercise would require that measures of both
segregation and network homophily be included in a single regression. As these
measures are almost certainly highly correlated, research along such lines would
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require the use of exceptionally high-quality data. To our knowledge, such data
are not currently available.

5.3 Structural Network Theories
A third possibility is that homophily in social networks causes wage differentials
between ethnicities and races. Members of minority groups might find it more
difficult to find jobs if they lack the social ties to members of the majority group,
who often possess more and better quality information about available jobs.
Minority groups who prefer to form friendships with those from a similar racial
or ethnic background might inadvertently limit their access to job information.

There is a large body of empirical literature about job search channels and
job quality at the individual level, see Granovetter (1974) for an overview. Fewer
studies analyze the relationship between ethnic or racial wage gaps and network
properties. Ioannides and Loury (2004) note that the use of friends and relatives
for job search differs across racial and ethnic groups. However, they stress that
it is difficult to interpret that variation. Hellerstein, McInerney, and Neumark
(2008) suggest that race matters – low-skilled blacks get jobs only when employer
hire other blacks.

An in-depth case study by Royster (2007) of 25 white and 25 black graduates
from the same vocational school identifies several mechanisms that put black
graduates at a disadvantaged situation when entering the labor market. In
particular, black students have fewer and less powerful contacts than those of
those of their white peers. White students were more likely to have established
and maintained social contacts in “all male and all-white spaces”, such as bars
and taverns.

Although homophily may sustain temporary wage gaps, it is not obvious
that homophily should lead to persistent wage gaps in models where job contacts
matter, unless one assumes that the disadvantaged group has fewer job contacts
for exogenous reasons. Calvó-Armengol and Jackson (2004) argue that small
gaps in labor outcomes are magnified by drop-out decisions. If only employed
or high-wage workers provide job references, then ethnic minority members with
many unemployed job contacts are more likely to drop out of the labor market,
which negatively affects the drop-out decisions of their friends, leading to a
substantial difference in drop-out decisions and unemployment rates between
the ethnic minority and the majority.

Van der Leij and Buhai (2008) have an explicit model in which inbreeding ho-
mophily creates persistent unemployment and wage gaps through occupational
segregation. A key factor in this model is the education decision that individuals
make before entering the labor market. Individuals prefer to choose the same
education as the majority of their ethnic group, as inbreeding homophily leads
them to believe that they obtain more job contacts, and hence better job op-
portunities, by doing so. These benefits in terms of job opportunities outweigh
the potential disadvantage of a lower wage.

6 Conclusions
In this paper we analyze the relationship between network segregation, that is,
inbreeding homophily, and unexplained wage gaps. We consider two very dif-
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ferent societies and labor markets; ethnic Estonians and Russians in the former
Soviet republic of Estonia, and black and white workers in the United States.
For this purpose, we employ three data sources: the Social Capital Benchmark
Survey 2000 (SCBS) for the U.S. network and income measures, telecommu-
nication data for the Estonian network, and the Estonian Labor Force Survey
(ELFS) for the income measures.

For both the U.S. and Estonia, we establish a negative relation between
wage gaps and network segregation. Less contact between the racial or ethnic
groups is related to larger unexplained gaps disfavoring the minority group. The
negative correlation persists even when controlling for the relative size of the
minority population in the region.

We then discuss three possible reasons for this relationship:1) discrimination
and prejudice in both the friendship selection and employer hiring processes; 2)
differential investment in human capital due to residential segregation producing
both network segregation and the wage gap; and 3) minority difficulty in finding
jobs due to network segregation, particularly in light of labor force drop-out and
peer-influenced education decisions. None of the three mechanisms discussed is
well understood. Moreover, it is likely that all three mechanisms are shaping
observed outcomes simultaneously, making it more difficult to disentangle their
relative contributions to observed wage gaps. Distinguishing between the pro-
posed mechanism would require better longitudinal data on both labor markets
and network segregation, in particular the segregation in job contact networks,
and these data are not currently available.

However, for policy purposes, understanding and empirically disentangling
these mechanisms is important. With the advent of job contact social net-
working sites, such as LinkedIn, we hope that a better understanding of the
relationship between social, segregation and inequality will be within our reach.
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A First stage regressions

A.1 Explanatory variables
Table 6 explains the explanatory variables in the first stage regressions for all
the Estonian and U.S. models. The variables are analogous, but not exactly the
same due to institutional differences and data availability.

Table 6: Explanatory variables.

variable Estonia U.S.
1st model

region county SCBS “community”
National sample is used as the baseline

black race, non-hispanic black (refer-
ence: non-hispanic white)

non-est ethnicity: Non-Estonian (refer-
ence: Estonian)

region and minority cross-effects
female gender
date cubic polynomial of observation

date
2nd model

age age groups (< 25, 25− 35, 35−
50, 50−)

5th-order polynomial in age

education education groups (less than high
school, high school, college)

years of education

3rd model
married living with partner
kids number of children in the house-

hold (0-3, 4-6, 7-17 year olds
separately)

0-5 and 6-17 year olds sepa-
rately

married and female cross-effects
gender and kids cross-effects

immigrant born outside Estonia
Non citizen not a U.S. citizen
Spanish Interview conducted in Spanish

4th model
Russian, Esto-
nian, English relevant language skills (coded

as able/not able to speak
5th model

industry, occu-
pation industry, occupation of work
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B Full results

B.1 Estonia (counties)

Table 7: First stage regression. Full results for Estonia at county level, random
effect models.

Dependent variable: log houshold wage
Explanatory variable Model 1 Model 2 Model 3 Model 4 Model 5
constant 8.835*** 8.806*** 8.738*** 8.628*** 8.632***

0.008 0.008 0.010 0.015 0.032
county 39 -0.426*** -0.339*** -0.338*** -0.324*** -0.305***

0.018 0.017 0.017 0.016 0.015
county 44 -0.342*** -0.286*** -0.286*** -0.253*** -0.242***

0.022 0.021 0.021 0.021 0.019
county 49 -0.369*** -0.313*** -0.318*** -0.288*** -0.247***

0.018 0.017 0.017 0.017 0.016
county 51 -0.325*** -0.252*** -0.257*** -0.234*** -0.202***

0.016 0.015 0.015 0.015 0.014
county 57 -0.323*** -0.265*** -0.267*** -0.244*** -0.227***

0.020 0.019 0.019 0.019 0.017
county 59 -0.347*** -0.273*** -0.274*** -0.253*** -0.218***

0.014 0.013 0.013 0.013 0.012
county 65 -0.431*** -0.370*** -0.374*** -0.342*** -0.312***

0.018 0.017 0.017 0.017 0.016
county 67 -0.314*** -0.256*** -0.258*** -0.238*** -0.213***

0.015 0.014 0.014 0.014 0.013
county 70 -0.283*** -0.223*** -0.224*** -0.203*** -0.181***

0.017 0.016 0.015 0.015 0.014
county 74 -0.334*** -0.270*** -0.274*** -0.253*** -0.244***

0.017 0.016 0.016 0.016 0.015
county 78 -0.227*** -0.213*** -0.213*** -0.207*** -0.173***

0.013 0.012 0.012 0.012 0.011
county 82 -0.417*** -0.358*** -0.364*** -0.337*** -0.318***

0.018 0.017 0.016 0.016 0.015
county 84 -0.384*** -0.324*** -0.326*** -0.301*** -0.272***

0.014 0.014 0.014 0.014 0.013
county 86 -0.385*** -0.326*** -0.328*** -0.301*** -0.274***

0.018 0.017 0.017 0.017 0.015
non-est -0.290*** -0.264*** -0.264*** -0.228*** -0.195***

0.011 0.010 0.010 0.011 0.010
date1 97.141*** 95.210*** 95.342*** 93.946*** 94.078***

0.664 0.629 0.627 0.631 0.591
date2 11.933*** 11.770*** 11.803*** 11.574*** 11.849***

0.527 0.509 0.508 0.506 0.486
date3 -13.479*** -13.223*** -13.145*** -13.045*** -12.766***

0.450 0.439 0.438 0.437 0.425
woman -0.285*** -0.332*** -0.292*** -0.291*** -0.232***

Table 7 – continues. . .
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Table 7 – continued
Explanatory variable Model 1 Model 2 Model 3 Model 4 Model 5

0.006 0.005 0.007 0.007 0.007
county 39×non-est 0.312*** 0.288*** 0.287*** 0.247** 0.189*

0.109 0.106 0.106 0.105 0.102
county 44×non-est 0.164*** 0.125*** 0.124*** 0.120*** 0.082***

0.025 0.024 0.024 0.024 0.022
county 49×non-est 0.139** 0.147** 0.154** 0.126** 0.094*

0.065 0.061 0.060 0.060 0.055
county 51×non-est 0.232*** 0.212*** 0.216*** 0.189*** 0.172***

0.057 0.054 0.054 0.054 0.050
county 57×non-est 0.148*** 0.166*** 0.162*** 0.137** 0.118**

0.057 0.054 0.053 0.053 0.050
county 59×non-est 0.326*** 0.302*** 0.295*** 0.282*** 0.233***

0.031 0.029 0.029 0.029 0.027
county 65×non-est 0.314*** 0.226*** 0.212*** 0.190** 0.197***

0.080 0.075 0.075 0.075 0.069
county 67×non-est 0.217*** 0.210*** 0.211*** 0.194*** 0.151***

0.038 0.035 0.035 0.035 0.033
county 70×non-est 0.113* 0.121** 0.126** 0.107* 0.104**

0.059 0.056 0.055 0.055 0.051
county 74×non-est 0.194** 0.117 0.137 0.107 0.093

0.087 0.084 0.083 0.083 0.080
county 78×non-est 0.122*** 0.127*** 0.127*** 0.114*** 0.084***

0.029 0.027 0.027 0.027 0.025
county 82×non-est 0.159*** 0.155*** 0.154*** 0.142*** 0.108***

0.044 0.041 0.041 0.041 0.037
county 84×non-est 0.191*** 0.204*** 0.204*** 0.181*** 0.163***

0.049 0.046 0.046 0.046 0.043
county 86×non-est 0.269*** 0.207*** 0.209*** 0.171*** 0.120*

0.070 0.066 0.066 0.066 0.062
age -24 -0.085*** -0.057*** -0.090*** -0.078***

0.008 0.009 0.009 0.009
age 25-34 0.007 0.016** -0.001 -0.001

0.006 0.006 0.006 0.006
age 50- -0.083*** -0.079*** -0.071*** -0.064***

0.006 0.006 0.006 0.006
education < HS -0.165*** -0.162*** -0.142*** -0.096***

0.007 0.007 0.007 0.007
education college 0.344*** 0.344*** 0.307*** 0.224***

0.007 0.007 0.007 0.007
immigrant 0.007 0.004 0.002

0.013 0.013 0.012
married 0.051*** 0.052*** 0.036***

0.005 0.005 0.005
kids 0–3 0.037*** 0.038*** 0.041***

0.009 0.009 0.009
kids 4–6 0.051*** 0.051*** 0.043***

0.009 0.009 0.009
Table 7 – continues. . .
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Table 7 – continued
Explanatory variable Model 1 Model 2 Model 3 Model 4 Model 5
kids 7–17 0.037*** 0.038*** 0.034***

0.007 0.007 0.007
woman×kids 0–3 -0.087*** -0.087*** -0.096***

0.014 0.014 0.013
woman×kids 4–6 -0.065*** -0.065*** -0.060***

0.013 0.013 0.012
woman×kids 7–17 -0.046*** -0.046*** -0.042***

0.009 0.009 0.009
Russian 0.035*** 0.022***

0.007 0.007
Estonian 0.032*** 0.024**

0.010 0.009
English 0.119*** 0.090***

0.007 0.006
industry B 0.173***

0.036
industry C 0.363***

0.024
industry D 0.171***

0.011
industry E 0.257***

0.018
industry F 0.234***

0.013
industry G 0.109***

0.012
industry H 0.055***

0.017
industry I 0.217***

0.013
industry J 0.321***

0.025
industry K 0.043***

0.014
industry L 0.145***

0.014
industry M -0.001

0.013
industry N 0.063***

0.014
industry O -0.010

0.015
industry P -0.496***

0.084
industry Q 0.074

0.168
occupation 1 0.080***

Table 7 – continues. . .
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Table 7 – continued
Explanatory variable Model 1 Model 2 Model 3 Model 4 Model 5

0.028
occupation 2 0.017

0.028
occupation 3 -0.074***

0.028
occupation 4 -0.160***

0.028
occupation 5 -0.256***

0.028
occupation 6 -0.166***

0.032
occupation 7 -0.166***

0.028
occupation 8 -0.172***

0.028
occupation 9 -0.346***

0.028
# obs 65751 65751 65751 65751 65738

Notes: Standard errors in italics
Significance levels: * – 10%; ** – 5%, *** – 1%
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B.2 United States

Table 8: Full results. U.S. data. Models without the outlier regions.

Dependent variable: log houshold wage
Explanatory variable Model 1 Model 2 Model 3
atlanta metro 0.333*** 0.244*** 0.254***

0.056 0.052 0.053
baton rouge 0.133*** 0.077* 0.082*

0.047 0.044 0.044
birmingham metro 0.099** 0.064 0.065

0.049 0.048 0.048
charlotte region/14 county 0.099*** 0.102*** 0.111***

0.032 0.029 0.029
syracuse/onondaga county -0.036 -0.078** -0.076*

0.043 0.040 0.040
chicago metro 0.265*** 0.155*** 0.163***

0.047 0.042 0.042
cincinnati metro 0.049 0.063* 0.060*

0.035 0.033 0.033
east tennessee -0.199*** -0.114*** -0.105**

0.044 0.042 0.042
houston/harris county 0.210*** 0.148*** 0.157***

0.052 0.049 0.050
kanawha valley (wv) -0.167*** -0.140*** -0.132***

0.048 0.045 0.045
kalamazoo co. 0.034 0.001 0.003

0.043 0.040 0.041
los angeles co. 0.232*** 0.124** 0.133**

0.058 0.055 0.055
san diego co. 0.096** 0.019 0.029

0.049 0.044 0.043
san francisco (city) 0.452*** 0.251*** 0.280***

0.049 0.043 0.043
detroit metro/7-co. 0.169*** 0.138*** 0.147***

0.054 0.048 0.048
winston-salem/forsyth co. 0.083* 0.032 0.042

0.043 0.039 0.039
indiana -0.038 0.006 0.006

0.035 0.033 0.033
cleveland/cuyahoga co. 0.053 0.015 0.024

0.039 0.034 0.035
greensboro/guilford co. 0.112*** 0.065* 0.070*

0.042 0.038 0.038
peninsula-silicon valley 0.552*** 0.417*** 0.424***

0.034 0.031 0.031
seattle 0.092** -0.019 -0.003

0.046 0.042 0.042
grand rapids (city) -0.077 -0.116*** -0.115***

Table 8 – continues. . .
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Table 8 – continued
Explanatory variable Model 1 Model 2 Model 3

0.049 0.044 0.044
boston (city) 0.098* -0.014 0.010

0.050 0.047 0.047
delaware 0.095*** 0.071** 0.072**

0.032 0.030 0.030
rochester metro (ny) -0.008 -0.027 -0.026

0.038 0.035 0.035
denver (city/co.) 0.067 -0.031 -0.006

0.051 0.046 0.046
phoenix/maricopa co. 0.113** 0.047 0.042

0.055 0.048 0.048
Black -0.221*** -0.148*** -0.155***

0.041 0.038 0.038
female -0.126*** -0.124*** -0.132***

0.012 0.012 0.012
atlanta metro×black -0.096 -0.083 -0.096

0.091 0.087 0.086
baton rouge×black -0.330*** -0.275*** -0.283***

0.081 0.077 0.076
birmingham metro×black -0.232*** -0.210** -0.211**

0.089 0.085 0.085
charlotte region/14 county×black -0.126* -0.081 -0.087

0.067 0.064 0.063
syracuse/onondaga county×black -0.346*** -0.263** -0.263**

0.128 0.123 0.123
chicago metro×black -0.125 -0.121 -0.120

0.094 0.084 0.083
cincinnati metro×black -0.175* -0.202** -0.216**

0.091 0.091 0.090
east tennessee×black 0.029 -0.049 -0.058

0.169 0.143 0.146
houston/harris county×black -0.258** -0.195* -0.205**

0.106 0.105 0.104
kanawha valley (wv)×black -0.044 -0.108 -0.111

0.161 0.153 0.157
kalamazoo co.×black -0.042 -0.054 -0.059

0.114 0.101 0.100
los angeles co.×black -0.266** -0.223* -0.217

0.133 0.135 0.134
san diego co.×black -0.027 -0.051 -0.060

0.164 0.151 0.151
san francisco (city)×black -0.422*** -0.232** -0.260**

0.119 0.114 0.113
detroit metro/7-co.×black -0.057 -0.049 -0.072

0.097 0.086 0.086
winston-salem/forsyth co.×black -0.145* -0.089 -0.099

0.085 0.083 0.082
Table 8 – continues. . .
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Table 8 – continued
Explanatory variable Model 1 Model 2 Model 3
indiana×black 0.023 -0.071 -0.051

0.147 0.128 0.129
cleveland/cuyahoga co.×black -0.140* -0.123* -0.123*

0.076 0.072 0.072
greensboro/guilford co.×black -0.152* -0.110 -0.111

0.079 0.073 0.072
peninsula-silicon valley×black -0.089 -0.012 0.001

0.124 0.112 0.111
seattle×black 0.127 0.214** 0.214**

0.115 0.109 0.109
grand rapids (city)×black -0.230* -0.193 -0.197

0.130 0.123 0.121
boston (city)×black -0.120 -0.032 -0.046

0.091 0.086 0.085
delaware×black -0.114 -0.059 -0.058

0.075 0.070 0.069
rochester metro (ny)×black -0.292*** -0.196** -0.204***

0.086 0.078 0.077
denver (city/co.)×black 0.002 0.067 0.038

0.129 0.113 0.113
phoenix/maricopa co.×black 0.011 -0.009 0.003

0.190 0.158 0.157
Education 0.093*** 0.095***

0.002 0.002
age1 8.640*** 8.949***

0.634 0.641
age2 -6.613*** -4.621***

0.629 0.658
age3 -2.113*** -2.150***

0.639 0.638
age4 1.296** 0.382

0.646 0.649
age5 -2.902*** -2.713***

0.641 0.640
# kids 0–5 0.016**

0.007
# kids 6–17 0.060***

0.007
Not citizen -0.058

0.042
spanish -0.039

0.053
Constant 10.867*** 9.582*** 9.522***

0.021 0.036 0.037
σ 0.660*** 0.605*** 0.602***

0.005 0.005 0.005
# obs 12 964 12 964 12 963
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Notes: Standard errors in italics
Significance level:* – 10%; ** – 5%; *** – 1%
age is specified as 5th degree orthogonal polynomials.

32



C Estonian Municipalities, Descriptive Statistics
This table reports the average income (in Estonian kroons) by ethnic group, it’s
relative difference, sample size, and percentage of Russian-speaking workers for
each county.

Table 9: Income and percentage of Russian-speaking workers by counties.

Municipality code wage E wage R difference N pct R
140 5200 4377 -0.16 108 0.22
154 3940 3728 -0.05 102 0.61
183 4697 3483 -0.26 712 0.19
198 5051 4183 -0.17 209 0.08
229 3283 3267 -0.00 47 0.47
245 5779 5415 -0.06 258 0.12
248 4211 3676 -0.13 937 0.05
251 4016 2800 -0.30 511 0.65
260 3314 2730 -0.18 68 0.16
292 3722 2392 -0.36 379 0.05
295 6981 4451 -0.36 465 0.17
309 3364 3546 0.05 332 0.61
317 4825 4340 -0.10 391 0.11
320 4467 2866 -0.36 63 0.63
322 3775 3410 -0.10 2069 0.86
345 4554 3890 -0.15 221 0.41
349 4316 3157 -0.27 1041 0.02
424 5553 4624 -0.17 159 0.62
446 5122 4027 -0.21 649 0.86
498 2814 3511 0.25 58 0.34
511 4219 3138 -0.26 3365 0.97
518 5351 2632 -0.51 105 0.13
566 4333 3161 -0.27 733 0.10
568 3912 3081 -0.21 150 0.09
580 4281 3861 -0.10 252 0.62
605 4032 3843 -0.05 123 0.13
625 4011 3410 -0.15 1846 0.19
645 3694 3609 -0.02 74 0.61
657 3381 3490 0.03 46 0.61
662 3789 2615 -0.31 181 0.08
663 4789 3805 -0.21 1058 0.15
669 4436 3799 -0.14 625 0.03
674 4097 2781 -0.32 248 0.15
707 3723 2495 -0.33 314 0.07
718 5159 3111 -0.40 359 0.12
735 3808 3302 -0.13 659 0.96
741 4492 4434 -0.01 151 0.42
751 3739 3498 -0.06 38 0.45
758 4009 4827 0.20 354 0.04
770 3931 4482 0.14 306 0.20

Table 9 – continues. . .
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Table 9 – continued
Municipality code wage E wage R difference N pct R

784 6013 4236 -0.30 9956 0.50
786 3706 2858 -0.23 342 0.21
790 4206 4418 0.05 584 0.47
795 4729 3623 -0.23 3844 0.20
831 4027 4817 0.20 134 0.19
835 3663 3482 -0.05 704 0.07
854 3664 3654 -0.00 1175 0.29
861 4164 3586 -0.14 99 0.16
868 4928 2739 -0.44 131 0.47
890 6800 5889 -0.13 297 0.06
892 3646 3018 -0.17 266 0.08
897 4265 3197 -0.25 1285 0.09
900 3620 3378 -0.07 464 0.11
918 3438 3662 0.07 325 0.06
919 3740 3250 -0.13 1041 0.09

Notes: Only individuals with positive wage reported.
“wage E” and “wage R”: average wage of Estonian- and Russian speakers respec-
tively.
“difference”: relative difference of these wage measures
“N”: the number of observations in each county.
“pct R”: the relative percentage of Russian-speakers, based on the telephone
data.
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