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Abstract

Many studies consider an immigrant population (defined by birth country) as a whole. This might
neglect ethnic heterogeneity within an immigrant population and thus underestimate occupational
segregation. We focus on Russian immigrants in the early 20th century U.S.—then a major immi-
grant population with a high degree of ethnic diversity (consisting of Russian, Jewish, German,
and Polish ethnics)—and study occupational segregation by ethnicity. We develop a machine
learning ethnicity classification approach in 1930 U.S. census data based on name and mother
tongue. Using the constructed ethnicity variable, we show high degrees of occupational segrega-
tion by ethnicity within the Russian-born immigrant population in the U.S. For example, Jews,
German ethnics, and Polish ethnics were concentrated in trade, agriculture, and manufacturing,
respectively. We also find evidence that Russian-born immigrants’ labor market outcomes were
associated with networks measured by the spatial concentration of co-ethnics—more established

ones in particular—but not other ethnic groups.
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1 Introduction

Scholars have long observed that U.S. immigrants have unique labor market patterns (e.g.,
Borjas, 1986; Yuengert, 1995), and different immigrant populations also have their own
labor market patterns (e.g., Fairlie and Meyer, 1996). Many studies consider an immigrant
population (defined by country of birth) as a whole and use country of birth interchange-
ably with ethnicity. However, ethnicity actually means a category of people classified on
the basis of a common genealogy/ancestry (Chibnik, 1991) or culture (Constant and Zim-
mermann, 2008; Constant et al., 2009). Indeed, economists present empirical evidence that
some ethnic sub-populations could have unique economic outcomes: for example, Kalnins
and Chung (2006) observe that social capital plays a unique role in the U.S. lodging indus-
try among Gujarati immigrants; Moser et al., (2014) find positive effects of the influx of
German Jews on R&D in the U.S.; O’Keefe and Quincy (2018) show that Jewish immi-
gration from Russia affected native-born farmers in New Jersey in the early 20th century.
Treating birth country and ethnicity as two separate concepts helps us understand important
labor economic questions such as occupational segregation by ethnicity, which is driven by
ethnic differences in pre-migration human capital accumulation, selective migration, and
post-migration ethnic enclave residence.

In this paper, we first present a machine-learning-based algorithm of ethnic classifi-
cation and then analyze occupational segregation by ethnicity among Russian-born immi-
grants in the U.S. using 1930 U.S. full-count census data (Ruggles et al., 2019). During
the age of mass migration (the late 19th and early 20th century U.S.), the majority of
immigrants came from Europe, and some sending countries had high degrees of ethnic di-
versityﬂ including the Russian Empire. Specifically, Russian-born immigrants were one of
the largest immigrant populations in the early 20th century U.S. (Haines, 2000) and had

a high degree of ethnic diversity, with a mixture of Russian, Jewish, German, and Polish

'Eberhardt (2002) summarizes ethnic majorities and minorities in Eastern Europe in the early 20th cen-
tury. Haines (2000) presents some examples of ethnic heterogeneity among European immigrants, such as
Eastern European Jews who were minorities in their home countries and were more likely to move to the U.S.



ethnic sub-groups (Lieven, 2006)E]

This paper makes methodological contributions to population economics by developing
a machine-learning-based probabilistic method of ethnicity classification using name and
language variables in census data. Ethnicity is a useful variable in the economic analysis of
immigration and the labor market (e.g., Constant and Zimmermann, 2009), which will be
discussed in more detail later. Prior studies use deterministic linkages between names in the
sample and name dictionaries to classify ethnicity (e.g., Foley and Kerr, 2013). However,
due to low data quality, deterministic classification can only identify ethnicity of less than
half of cases in digitized historical census data (Xu, 2019). This paper extends existing
strategies by introducing machine learning tools for ethnicity classification.

The substantive topic of this paper adds to the literature of labor economics along mul-
tiple dimensions. First, this paper sheds light on the understandings of the origin of within-
population occupational segregation. Although the immigrants studied in this paper shared
the same country of birth (Russia), there could be huge heterogeneity in occupational pat-
terns by ethnicity among these co-birth immigrants. Such heterogeneity could be originally
formulated roughly by three types of reasons. First, there were ethnic differences in human
capital characteristics in Russia, when different ethnic groups had unique patterns of educa-
tional attainment (Nathans, 2006; Snyder, 2006) and were exposed to school and residential
segregation (Nathans, 2002). These differences further led to pre-migration occupational
segregation by ethnicity in Russia due to differences in the requirements of human capital
and geographic distributions of occupations. Second, in early 20th century Russia, various
economic and political factors related to ethnicity—including ethnic conflicts, hate crimes
against minorities, anti-minority populism, education quota laws, restrictions on work au-

thorization, and ethnic differences in residential locationfl—led to selection on emigration

%In this paper, we use the term within-population to describe “within the Russian-born immigrant pop-
ulation in the U.S.” We use the term Russian-born immigrants to describe U.S. immigrants born in Russia,
regardless of ethnicity. We use the term Russian ethnic (or Jewish, German, Polish ethnic) immigrants to
describe Russian-born immigrants of Russian (or Jewish, German, Polish, respectively) ethnicity.

3See summaries of ethnicity-related laws, policies, and conflicts in Eastern Europe by Petersen (2002),
and specifically in Russia by Klier (1995), Dowler (2000), Nathans (2002), and Thaden (2014).



by ethnicity. Third, and relatedly, ethnic populations were exposed to Russia’s political
and economic reforms at different levels, including heterogeneous effects of the Emanci-
pation Reform (Wetherell and Plakans, 1999) and Stolypin Reform (Chernina et al., 2014)
by ethnicity, which further led to ethnic differences in migration to the U.S.

Furthermore, measuring immigrants’ ethnicity sheds light on the analysis of immigrants
in the labor market. First, in the 20th century, Russian-born immigrants contributed to the
U.S. economy in multiple industries, such as trade (Simon, 1997; Polland and Soyer, 2013),
manufacturing (Zunz, 2000; Pacyga, 2003), and agriculture (O’Keefe and Quincy, 2018).
The multiple dimensions of Russian-born immigrants’ contributions could be related to
ethnic occupational segregation, which could further trace back to pre-migration ethnic
differences in educational attainment and employment. This presents linkages between
pre-migration characteristics and post-migration outcomes, which is an important topic in
immigration studies (e.g., Hirsch et al., 2014; Blau and Kahn, 2015; Polavieja, 2015).
Second, Abramitzky et al. (2014) find that economic conditions of the home country were
closely associated with post-migration economic status among immigrants, but immigrants
born in Russia—then a relatively poor country—had almost the highest occupation-based
earnings, which could be potentially explained by occupational segregation and selective
migration by ethnicity. Third, researchers observe that U.S. immigrants benefit from ethnic
social networksﬂ The economic effects of networks might also exist in this paper’s context,
and the first step to study this is to design an accurate measure of ethnicity.

We classify ethnicity based on two types of ethnicity widely used in anthropology and
history, i.e., language-based ethnicity (e.g., Duranti, 1997) and name-based ethnicity (e.g.,
Waters, 1989; Chibnik, 1991). We construct language-based ethnicity based on mother

tongues surveyed in the census. We construct name-based ethnicity by employing a naive

4While prior studies find conflicting evidence of effects of ethnic enclave residence, the consensus is that
ethnic enclaves have positive impacts after considering selection (Borjas, 1994; Edin et al., 2003; Cutler et
al., 2008; Senik and Verdier, 2011), which was common in the early 20th century (Xu, 2019). Using survey
data that provide information on ethnicity, Munshi (2003) and Kalnins and Chung (2006) find the economic
effects of social networks formed within ethnic sub-groups in a co-birth immigrant population. We follow
these studies in a new data setting in which ethnicity information are not provided by census respondents.



Bayes classifier (Rish, 2005) to measure linguistic origins of names based on ethnic name
dictionaries (Xu, 2019). The “overall” ethnicity is then calculated based on the combination
of two types of ethnicity. Results in different test data show the robustness of our method.
Although deterministic ethnicity classification has been widely studied in social sciences
(e.g., Mateos, 2007), including in economics (e.g., Foley and Kerr, 2013; Zhang, 2016), our
method allows fuzzy classification in low-quality data (due to transcription errors, typos,
and name changes), such as early census data used in this paper.

Consistent with historical findings (e.g., Simon, 1997; Nathans, 2002), we show that
Jews were the majority Russian-born ethnic group in the U.S. Applying our ethnicity mea-
sure, we observe significant occupational segregation by ethnicity among Russian-born
immigrants. For example, Jews were more likely to work in trade, German ethnics were
more likely to work in agriculture, and Polish ethnics were more likely to work in manufac-
turing. The results remain unchanged when controlling for individual characteristics. We
further present case studies and argue that ethnic occupational segregation among Russian-
born immigrants in the U.S. observed in the empirical analysis appears to be similar to that
in Russian cities in the late 19th and early 20th century.

We then explore the relationship between the spatial concentration of co-ethnics and
occupational outcomes. This is motivated by findings that immigrants’ outcomes are in-
fluenced by networks measured by the concentration of co-birth immigrants (e.g., Edin
et al., 2003; Patacchini and Zenou, 2012; Kalfa and Piracha, 2018). Baseline OLS esti-
mates show that the concentration of co-ethnics—in particular, the more established ones
(consistent with findings of Munshi, 2003)—was positively correlated with employment
status, earnings, and occupational standings; the concentration of other ethnic groups had
weaker or null effects. These baseline results are consistent with instrumental variable (IV)
estimations, in which we use historical settlements of the particular ethnic groups as I'Vs.

The remainder of this paper is organized as follows. Section 2 introduces the historical

background. Section 3 describes data and methods of ethnicity classification. Focusing on



U.S. census data, Section 4 studies occupational segregation by ethnicity among Russian-

born immigrants and the spatial mechanisms. Section 5 concludes.

2 Historical Background

2.1 Ethnic Sub-Groups among Russian-Born Immigrants

In anthropology, ethnicity is defined as a category of people who have the same ances-
try or culture (e.g., Chibnik, 1991; Guglielmino et al., 2000; Peoples and Bailey, 2010).
In other words, individuals within an ethnic group share similar biological and cultural
characteristics. Such similarities in biological (e.g., genes, see Mountain and Risch, 2004)
and sociocultural (e.g., education, see Carlton and Weiss, 2001) patterns generate ethnic-
specific outcomes. For example, Spielman et al. (2007) find that different ethnic popu-
lations have genetic variants that trace back to geographic divisions of ethnic ancestries
that have long-run effects on genetic makeup and phenotype, which lead to variations in
genetic expressions and further cause ethnic differences in prevalence of genetic diseases
(e.g., diabetes and cardiovascular diseases). Botticini and Eckstein (2007) find Jews’ self-
selection into urban and skilled occupations in the first millennium even in regions with
no restrictions on their economic activities. More broadly, Connor (1993) find that ethnic
identities lead to the belief of ethnonationalism that formulates the political foundation of
discrimination and oppression against minorities, including in the U.S. (Ngai, 1999).
Most surveys do not ask questions about ethnicity. However, it is possible to con-
struct proxies for ethnicity using various demographic variables. One strand of literature
focuses on names and uses linguistic origins of names to classify ethnicity (Mateos, 2007).
This is based on the findings that names reflect biological and cultural transmission. In
ancient times, ethnic ancestries were divided in space (Mateos, 2014) and developed id-
iosyncratic linguistic patterns (Crowley and Bovern, 2010), based on which many ethnic

surnames evolved (Chibnik, 1991), and thus names reflect ethnic-specific genetic features



(Guglielmino et al., 2000) through genetic variants by ethnicity (Mountain and Risch, 2004;
Spielman et al., 2007). Moreover, as names are related to early language development that
follows ethnic-specific paths, many ethnic populations consider names as cultural identi-
ties (Mateos, 2014) that can be transmitted across generations (Waters, 1989; Monasterio,
2017). Based on the above rationale, economists classify ethnicity by linking names in
their data with ethnic name dictionaries. For example, Foley and Kerr (2013) and Zhang
(2016) study ethnic differences in patent records and fair lending risks based on name-
based ethnicity classification. Relatedly, economists observe name-based discrimination
(e.g., Bertrand and Mullainathan, 2004; Drydakis, 2011; Oreopolous, 2011; Rubinstein
and Brenner, 2014) due to the relationship between names and ethnicity. Compared with
these studies, our approach allows fuzzy classification, which is needed in the context of
this paper where historical census records have relatively low data quality. We will discuss
fuzzy classification in detail in Section 3.1.

Another two useful variables are mother tongue and religion. In anthropology, language
is used to identify race and ethnicity (Duranti, 1997) and is widely usable in demographic
research because most social surveys ask questions about the mother tongue. Religion is
another proxy for ethnicity because many religions are ethnic-specific within a country
(Eriksen, 2002); however, many surveys (especially surveys in the U.S.) do not ask ques-
tions about religion. Note that in practice, the classification algorithm is more effective if
ethnicity is jointly determined by the above variables. The main reason is that many ethnic
minorities might socially and culturally assimilate into the mainstream society before mi-
grating to the U.S. For example, ethnic minorities were required to learn Russian in school
since the late 19th century in Imperial Russia (Dowler, 2000; Sammartino, 2010), which
could make language-based ethnicity less reliable; on the other hand, name Russification
was less common than language Russification (Thaden, 2014). In general, having multiple
measures of ethnicity could reduce measurement errors.

Many prior studies simply consider ethnicity to be an equivalent term as country of birth



(e.g., Fairlie and Meyer, 1996; Bleakley and Chin, 2004). This is not a valid assumption
if there are multiple significant ethnic groups within a co-birth immigrant population, such
as Russian-born immigrants during the age of mass migration: in the early 20th century,
there were over one million of immigrants moving to the U.S. from Russia, which mainly

consisted of Russian, Jewish, German, and Polish ethnics.
[Insert Table 1 here.]

The 1897 Russian Empire Census (Central Statistical Committee of Russia, 1897)
recorded 125,640,021 people in Imperial Russia. While the 1897 Russian census did not
survey ethnicity, it asked questions about the mother tongue and religious affiliation. Panel
A of Table 1 shows census results by language and religion. Under the language classi-
fication, 44.31% (Russian language only) or 66.80% (including Ukrainian and Belorus-
sian language, i.e., pan-Russian language) of the full population were Russian/pan-Russian
language speakers; 4.03%, 1.43%, and 6.31% of the population spoke Yiddish (Jewish
language in Eastern Europe), German, and Polish, respectively. Under the religion classifi-
cation, 69.34% of the full population were affiliated with Eastern Orthodox; 4.15%, 2.84%,
and 9.13% of the population were affiliated with Jewish, Lutheran, and Roman Catholics,
respectively. Note that some of the large minority groups (e.g., Latvians and Lithuani-
ans) also contributed to the religious populations. In general, Panel A of Table 1 shows
that in 1897 Russian census data, the ethnic composition classified by language appears
to be consistent with that classified by religious affiliation. However, most of the non-
Orthodox religious populations were larger than the corresponding language populations,
as linguistic assimilation was usually faster and more common than religious assimilation

(e.g., Nathans, 2006; Snyder, 2006).

2.2 Migration from Russia to the U.S.

Russia was among the top sending countries of immigrants to the U.S. in the late 19th and

early 20th century. Panel B of Table 1 summarizes major sending countries of immigrants.
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Immigration from Russia was rare in 1880, especially compared to immigration from “old
source countries” such as Germany and Ireland (Haines, 2000). The number of immigrants
born in Russia rose significantly in the early 20th century, and in particular, the number of
Russian-born immigrants exceeded 1 million soon afterwards. There was a sharp decline
in the number of Russian-born immigrants after 1920 due to return migration (Ward, 2017)
and immigration restriction laws in 1921 and 1924 (Ngai, 1999), but by 1940, there were
still more than 1 million Russian-born immigrants in the U.S.

Panel A of Table 1 shows that the majority of the population in Russia was Russian eth-
nics, and the largest minority group was the Turkish-Tatar group (by language) or Muslims
(by religion). Although the U.S. census did not survey religion, its questionnaire about
mother tongue shows that the ethnic composition of the population in Russia was differ-
ent from that of Russian-born immigrants in the U.S. in the early 20th century. Panel C
of Table 1 shows that more than 60% of Russian-born immigrants in the U.S. spoke Yid-
dish and Hebrew, two Jewish languages. There were also disproportionately more German
speakers but disproportionately fewer Pan-Russian language speakers and Polish speakers
among Russian-born immigrants. In addition, several large minority groups back in Russia
(e.g., Turkish-Tatar) were almost negligible in the U.S. In fact, approximately 98% of all
Russian-born immigrants in the U.S. belonged to one of the four major language groups
listed in Table 1, and none of the other language groups contributed to more than 0.6% of
the Russian-born immigrant population in the U.S.

The inconsistency between the ethnic composition in Russia and Russian-born immi-
grants in the U.S., as shown in Table 1, suggests possible selection on migration due to
several types of reasons. First, selective migration could be driven by ethnicity-related
economic and political factors in Russia, including ethnic conflicts, hate crimes against
minorities, anti-minority populism, discrimination laws (e.g., education quotas and work
restrictions), and residential segregation. Overall, hostility against ethnic minorities was

common among ordinary Russian ethnics in the late 19th and early 20th century, and led
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to mass emigration of ethnic minorities. At that time, anti-Jewish pogroms occurred fre-
quently in Russia (Naimark, 2002; Nathans, 2002, 2006; Boustan, 2007). Poles were also
discriminated against (Snyder, 2006). While historically German ethnics enjoyed privi-
leged positions, especially in Baltic states, hostility towards Germans began to rise in Rus-
sia in the late 19th and early 20th century due to a decline in Germany-Russia relations
(Sammartino, 2010). Hostility also appeared at the governmental level: in the 1880s, a
series of discrimination laws on education quotas and work restrictions against Jews (e.g.,
May Laws in 1882 and Numerus Clausus in 1887) were passed and enacted (Nathans,
2002). While German and Polish ethnics were less restricted, the passage of Russifica-
tion policies led to forced assimilation of these minorities (Dowler, 2000; Thaden, 2014).
In addition, ethnic minorities were spatially segregated in Russia. Jews were particularly
isolated both within and beyond the Pale of Settlemenf] (Klier, 1995; Nathans, 2002), and
other ethnic minorities were also moderately segregated. Panel A of Table 2 presents an

example of residential segregation of ethnic minorities in St. Petersburg.
[Insert Table 2 here.]

Relatedly, different ethnic populations responded to Russia’s political and economic
reforms differently, which further led to selection on migration. Specifically, the Emanci-
pation Reform in the 1860s and Stolypin Reform in the early 20th century had great influ-
ences on Russia’s society and economy, and Russian ethnics were more affected by these
major reforms. First, the timing of the emancipation of serfs varied by region: in Poland
and Baltic provinces where the majority of Polish and German ethnics resided in, serfdom
was abolished in the early 19th century (Wetherell and Plakans, 1999; Snyder, 2006), sev-
eral decades earlier than that in central Russia. Second, through improvements in property
rights, the Stolypin Reform generated migration effects and drove mobility from Europe to

Asia (Chernina et al., 2014), and internal migration within Russia mainly originated from

The Pale of Settlement was a geographic region in Western Russia, in which Jewish permanent residency
was allowed. Beyond the Pale of Settlement, Jewish residency was mostly forbidden.
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central Russia where the majority population was Russian ethnics (Treadgold, 1957).
Finally, an important reason behind self-selection on migration was the capacity of
emigration and the relevant knowledge (Haines, 2000), which were related to the popula-
tion geography of Imperial Russia. In general, as Poland, Ukraine, and the Baltic region
(in which the proportion of Polish, German, and Jewish ethnics were higher) were closer
to Western Europe, ethnic minorities had better access to emigration and were also more
knowledgeable about moving to the rest of the world. Furthermore, ethnic minorities were
disproportionately more likely to reside in urban areas (Lieven, 2002), which was also

related to the ease of migration.
[Insert Figure 1 here.]

Figure 1 shows geographic distributions of language groups in Russia based on 1897
census data. Two sub-figures in row 1 show the distribution of the Russian-speaking and
Polish-speaking population, respectively. Assuming ethnicity could be reflected by mother
tongue, Russian ethnics mainly resided in regions that become contemporary Russia, while
Polish ethnics mainly resided in today’s Poland and western Ukraine. Row 2 focuses on two
Germanic languages: Yiddish and German. Most Yiddish speakers (essentially Jews) and
German speakers mainly resided in today’s Poland, western Ukraine, and the Baltic region.
The majority of Jews resided in the Pale of Settlement and were generally only allowed to
live in cities (Simon, 1997). The majority of German ethnics resided in Baltic region, the
traditional settlements of Baltic Germans (Sammartino, 2010). Row 3 focuses on Turkic
language groups and specifically Chuvash speakers. Most Turkic speakers resided in cen-
tral Asia and Far East. These figures show ethnic differences in geographic distributions in
Russia, which potentially led to geography-related selection on migration.

The above analysis suggests three points about how geography drove self-selection on
migration. First, the geographic distributions of Russian citizens determined self-selection
on migration in terms of ethnicity. Specifically, three minority groups of interests—Jews,

German ethnics, and Polish ethnics—were disproportionately concentrated in western Rus-
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sia and were thus more likely to migrate. Second, and relatedly, the above analysis explains
why there were disproportionately fewer Russian ethnics and Turkish-Tatar ethnics—two
significant groups that constituted nearly 80% of the population in Imperial Russia—among
Russian-born immigrants in the U.S. Finally, the above geographic pattern further suggests
different degrees of self-selection on migration within each ethnic group: from geographic
perspectives, the processes of migration from Russia to the U.S. were more selected among
Russian ethnics as the proportion of Russian ethnics was relatively lower in western regions
of Russia, and Russian ethnics were relatively less likely to live in cities.

In addition to the above points, a particular reason for the large Russian-born Jewish
population in the U.S. was the low return migration rate. In general, return migration was
common among European immigrants (e.g., Bandiera et al., 2013; Abramitzky et al., 2014).
However, almost all Jewish immigrants, including Russian-born Jews, remained in the U.S.
after arrival (Ward, 2017). This partially explains the disproportionate presence of Jews in

the Russian-born immigrant population in the early 20th century U.S.

2.3 Occupational Patterns among Russian-Born Immigrants

To understand ethnic heterogeneity in occupational patterns among Russian-born immi-
grants in the U.S., it is useful to first investigate occupational segregation by ethnicity in
Imperial Russia. Serfdom was officially abolished after the Emancipation Reform of 1861,
but the majority of Russian citizens still lived in rural areas: the 1897 Russian census shows
that only 13% of the Russian population resided in cities, and many Russian, Polish, and
German ethnics worked in agriculture. The exception was the Jewish population (Simon,
1997): Jews were traditionally not permitted to purchase land in Russia until the early 19th
century, and the right to purchase land was again prohibited in the late 19th century fol-
lowing May Laws (Nathans, 2006). As a result, 82% of Jews lived in cities (49%) or small
towns (33%), and less than 4% of Jews worked in agriculture. The majority of Jews worked

in commerce (39%) and crafts and industry (35%) in Russia (Simon, 1997).
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Panels B and C of Table 2 present two specific examples of ethnic occupational patterns
in St. Petersburg, then the capital of Russia. Panel B shows that there were a large number
of Roman Catholic (related to Polish ethnics) and Jewish lawyers and apprentices lawyers
in St. Petersburg in the late 19th century, although St. Petersburg was not a major city of
residence for Jews and Polish ethnics in Imperial Russia (see Figure 1). Panel C shows that
Jews in St. Petersburg’s manufacturing sector were disproportionately more likely to be
managers or self-employed and were less likely to be workers.

While there has been no general discussion on ethnic occupational patterns among
Russian-born immigrants in the U.S. due to the lack of research on ethnicity classification,
economists and historians have long examined occupations among German-born, Polish-
born, Russian-born, and Jewish immigrants, and indeed found huge heterogeneity in occu-
pations by origin. Earlier works point out that the development of the agricultural economy
in the U.S. was highly related to immigrants from Russia (Saloutos, 1976; Bodnar, 1976),
Poland (Thomas and Znaniecki, 1996), and Germany (Luebke, 1990), especially in the
Midwest where the climatic condition was similar to that in Central and Eastern Europe
(Steckel, 1983). In contrast, Russian-born Jews were more likely to reside in the East
Coast and California and were much less likely to work in agriculture (Simon, 1997). Dur-
ing the period of rapid urbanization in the early 20th century U.S., there were an increasing
number of new jobs appearing in cities following economic growth at the local level (Kim,
1998), and Russians and Poles were involved in the expansion of the manufacturing sec-
tor in major Midwest industrial cities, such as Chicago (Pacyga, 2003) and Detroit (Zunz,
2000). While many Russian-born Jews also worked in manufacturing, they were still more
likely to work in the business sector (e.g., Simon, 1997; Polland and Soyer, 2013).

Finally, a key question regarding ethnic occupational patterns is: what was the role
of self-selection on migration in shaping occupational segregation by ethnicity among
Russian-born immigrants in the U.S.? In theory, selection should lower the degree of eth-

nic occupational segregation among Russian-born immigrants in the U.S. compared to that
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in Russia, and one reason is that ethnic residential patterns in Russia were related to both
selection on migration and occupational segregation. Specifically, three ethnic minority
groups mainly resided in western Russia (see Figure 1) and in cities (e.g., Simon, 1997;
Wetherell and Plakans, 1999; Snyder, 2006), which were already areas “in favor of emi-
gration’ﬂ with more urban-type jobs (e.g., agriculture should not be the main sector). On
the other hand, as Russian-ethnic immigrants were also more likely to be originally from
these areas, ethnic differences in place of origin should be smaller among Russian-born
immigrants in the U.S. than Russian citizens who stayed behind. In Section 4, we will
empirically test whether ethnic occupational segregation still existed among Russian-born
immigrants in the U.S. and present a case study of manufacturing jobs that compares occu-

pational segregation among Russians in the U.S. and Russia.

3 Ethnicity Classification: Data and Methods

3.1 Classification Algorithm

The basic idea of the ethnicity classification algorithm is to use information on name
and mother tongue—which are widely used to identify ethnicity in anthropology (e.g.,
Guglielmino et al., 2000; Duranti, 2007), as discussed in Section 2.1—to classify ethnic-
ity among Russian-born immigrants. Specifically, we design a scoring system and assign
a score for each of the four major ethnic groups, namely, Russian, Jewish, German, and

Polish ethnics. For individual ¢, the score Sji- for ethnic group j is calculated as:
S;— = flao + Xioq + Yo + Ziaz) (D

f(+) calculates a score of ethnicity for ¢ based on i’s characteristics of mother tongue

6 As discussed earlier, for example, more than 80% of Jews lived in cities in Russia and worked in either the
manufacturing (secondary) and services (tertiary) sector (Simon, 1997). Similar geographic and occupational
patterns also existed for Polish and German ethnics in Russia (e.g., Snyder, 2006; Sammartino, 2010).
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(X,), first name (Y;), and last name (Z;). We classify ethnicity based on é; = argmax; S]’
Here, X is a vector of mother tongue dummies (Russian, Yiddish/Hebrew, German, Pol-
ish), and Y; and Z; are vectors that measure probabilities that ¢’s first and last name belong
to specific linguistic origins.

It is easy to create X; (language-based ethnicity), as the U.S. census surveys mother
tongue. To construct Y; and Z; (name-based ethnicity), we employ a Bayes classifier, in
which training data are ethnicity casebooks that are name dictionaries of Russian (Unbe-
gaun, 1972), Jewish (Stern and Rottenberg, 1998), German (German Research Association,
1990), and Polish (Hoffman, 2001) ethnics[] These casebooks provide information on ety-
mology and cultural-linguistic origin of names, and individuals’ name-based ethnicity and
their languages (and thus language-based ethnicity) can be determinedﬂ

Specifically, to use the Bayes classifier, we first decompose names of Russian-born
immigrants in census data into three- and four-character stringsﬂ For each string, we first
count the number of times that the string appears in four ethnicity casebooks, and then

probabilistically calculate name-based ethnicity based on the following equation:

Ej =) P(Ly)P(cf| L) )
k=1
where {L;} (kK = 1,2,--- ,n;) is the set of three-and four-character strings within i’s

name. P(Ly) is the probability that the string Lj, appears in all casebooks, and P(e}|Ly) is

the probability that L, belongs the j-th ethnic origin (e;). Thus, the linguistic origin of i’s

7In addition, we can conduct analyses based on (a) Russian census records (Central Statistical Committee
of Russia, 1897), and (b) online training data (e.g., Wikipedia), which follows the norm in computer science
(Treeratpituk and Giles, 2012). Empirical results based on different types of training data are very similar.

8Note that these casebooks covers all the historical regions of the specific country, but on the other hand,
does not include names of recent immigrants. For example, the German name casebook includes German
ethnic names originally in East Prussia, now in Poland, Lithuania, and Russia; however, it does not include
names of Turkish and Balkan immigrants that came to Germany in recent decades and added to the diversity
of German names. This actually makes these ethnic name casebooks a better training dataset in this paper’s
context, as recent immigrants had not arrived in these countries back in the late 19th and early 20th century
and thus cannot reflect the linguistic and cultural traditions.

For example, for the name KAHN, we decompose it into the following strings: $KA, KAH, AHN, HNS,
$KAH, AHN, HN$, where $ represents the first or last character of the name.
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name is €; = argmas; E‘, and Y; and Z; contain dummies of linguistic origins of names.

The basic idea of name-based classification is that names could contain ethnic-specific
linguistic elements. Many prior studies follow the same idea but only conduct determinis-
tic or quasi-deterministic name matching for classification (e.g., Mateos, 2007; Foley and
Kerr, 2013; Ghani et al., 2014) in a deterministic or quasi-deterministic@] manner, which
is arguably valid if data are of high data quality (e.g., patent database in Foley and Kerr,
2013). In this paper, however, census records are of relatively low quality for two rea-
sons. First, the digitization of census data is subject to transcription errors (Ruggles et al.,
2019), such as typographic errors and misspellings Second, immigrants might change
names after arrival. Although only a small proportion of immigrants completely Ameri-
canized their names—especially last names—in the early 20th century U.S. (Biavaschi et
al., 2017), partial Americanization still makes it impossible to deterministically classify
name-based ethnicityE] That said, it is likely to probabilistically classify ethnicity based
on parts of the names that reflect idiosyncrasies of specific languagesE]

After obtaining X;, Y;, and Z;, we revisit Equation 1 and determine “overall ethnic-
ity” based on language-based and name-based ethnicity. The parameters {«;} are trained
through a classifier f(-) based on training data, i.e., ethnicity casebooks that now contain
actual ethnicity and two types of calculated ethnicity (X;, Y;, and Z;). Specifically, in each
casebook, we set S;'» = 1 1if e is ¢’s actual ethnicity, and 0 otherwise. For example, for a
Russian-born Jew Leon Trotsky, the score s.—; = 1, and Se—g = Se—g = Se—p = 0. We

mainly use OLS as f(-) as it is computationally friendly and easy to interpret, but empirical

107t is still possible to assign probabilities for name-ethnicity pairs even in the deterministic algorithm if
a name exists in multiple ethnic groups. For example, if there are 4 records of Johnson (say, 3 British and 1
Swedish) in training data, then the probability that Johnson is of British ethnicity is 75%, and the probability
that Johnson is of Swedish ethnicity is 25%.

"For example, for an immigrant whose surname is Eisenhauer: while Eisenhauer is found in the German
ethnic dictionary and thus of German name-based ethnicity, the name might be misspelled as Eisenhouer
(because of misreading, mispronunciation, and blurred digitization), and cannot be found in any dictionaries.

12For example, Eisenhauer might be changed to Eisenhower, which cannot be found in any dictionaries.

13For example, while both Eisenhouer (transcription errors) and Eisenhower (name Americanization) can-
not be found in German name dictionaries, it is still possible to probabilistically identify his German name-
based ethnicity because of the typical German linguistic element Eise.
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results based on other classifiers (e.g., logit, probit, SVM) are very similar, and in Section

3.3 and Section 4 we only report results of OLS-based classification.

3.2 Performance in Test Data

We test the performance of our algorithm in test data retrieved from different sources. The
first dataset is constructed based on a series of records in Imperial Russia, including Rus-
sian census data and the Jewish families census records (Central Statistical Committee of
Russia, 1897), Baptism records (Ancestry.com, 2014a), the database of East Prussians from
Russia (Anuta, 2002), and Roman Catholic Church Books Index (Ancestry.com, 2014b).
The second dataset consists of Russian politicians between 16th and 20th century. The first
dataset contains 1,200 people that are randomly chosen from the population data. The sec-
ond dataset contains 200 people. We collect sociodemographic characteristics for people in
our data and are thus able to confirm their ethnicityEf] Each ethnic group has 300 persons
in the first dataset and 50 persons in the second dataset.

We use four classical measures in the machine learning literature to evaluate our method:
precision, recall, F-measure, and accuracy. For an ethnic group e, these four measures fo-
cus on four classification outcomes: true positive (zp): a person of ethnicity e is correctly
classified as in group e; true negative (¢n): a person not of ethnicity e is correctly classified
as not in group e; false positive (fp): a person not of ethnicity e is incorrectly classified
as in group e; false negative (fi): a person of ethnicity e is incorrectly classified as not in

group e. Specifically, precision, recall, and F' are defined by:

tp tp Precision - Recall
———— Recall, = —— F; =2 - 3
tp+ fp’ e tp+ fn’ "’ Precision + Recall 3)

14For the first dataset: by definition, individuals retrieved from Jewish families records in the Russian
census, East Prussians records, and Polish Roman Catholic Church Books Index are of Jewish, German, and
Polish ethnicity, respectively. Individuals who were documented in the Orthodox Church are identified as of
Russian ethnicity. For the second dataset: the Russian politicians’ biographic information (mother tongue,
place of birth, family ancestry, ethnicity) are publicly available.

Precision; =
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and accuracy is the overall fraction of cases that are classified correctly.
[Insert Table 3 here.]

Table 3 presents results. Panel A focuses on data on Russian citizens in historical census
and other population records. Panel B focuses on data on Russian politicians. Our method
is robust in both tests: the false positives and negatives are rare, and overall accuracy
rates are very high. Our method performs better in the second test dataset. Note that,
however, a test on Russian politicians is “biased” as famous people’s names are more likely
to be collected in name dictionaries, and the sample size in Panel B is smaller. Hence, the

classification accuracy is upward biased.

3.3 C(lassification Results in 1930 Census Data

We close this section by reporting results of ethnicity classification among Russian-born
immigrants in [PUMS’ restricted version of digitized 1930 U.S. census data (Ruggles et al.,
2019) that contain publicly available demographic and socioeconomic variables, as well as
name records. We only classify men’s ethnicity because (a) many women changed their
last name after marriage, and it is thus impossible to identify their name-based ethnicity,
and (b) for the substantive research question of this paper, unlike men in the U.S., many

women did not participate in the labor force (Boustan et al., 2014).
[Insert Table 4 here.]

Table 4 presents results of ethnicity classification among 609,200 Russian-born male
immigrants in the 1930 U.S. census. Panel A shows that over 60% of Russian-born im-
migrants were Jews. While this looks surprising in the first place, it is actually consistent
with historical findings that Jews had stronger incentives to migrate (e.g., Nathans, 2002,
2006), and Jews were indeed the majority ethnic group among Russian-born immigrants
in the U.S. (Simon, 1997). This number is also consistent with mother tongue records of

the 1930 U.S. census that over 60% of Russian-born immigrants spoke Yiddish or Hebrew,
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two ethnic languages that were rarely spoken by non-Jewish groups. Besides, 25.8% of
Russian-born immigrants were of German ethnicity, 8.4% were of Russian ethnicity, and
2.7% were of Polish ethnicity.

We further examine the interaction between ethnicity and years of arrival. Migration
from Russia to the U.S. started to rise around 1900; over 50% of immigrants in the sam-
ple arrived in the U.S. between 1905 and 1914. On the other hand, very few immigrants
arrived during 1915-1919 (World War I) and 1925-1930 (after the passage of immigration
restriction laws, see Ngai, 1999). We observe the similar trends in migration in each ethnic
group. The major differences are that Russian-born German ethnics generally arrived in
the U.S. earlier, and Russian and Polish ethnics arrived later.

Finally, we describe geographic distributions of four ethnic groups by county in Figure
2. The color in each county reflects the number of Russian-born immigrants of specific eth-
nicity. These maps show that for all ethnic groups, immigrants were primarily concentrated
in the East Coast (especially Greater New York and Boston area), Chicago, and Southern
California. Jews were spatially more concentrated than other groups. A large proportion of
German ethnics resided in the Midwest, Mountain states, and Northwest; in contrast, very

few Russian-born immigrants of other ethnicity lived in these areas.

[Insert Figure 2 here.]

4 Occupational Segregation: Empirical Analysis

4.1 Summary Statistics: Immigrants and Industries in 1930

In Table 5, we begin with summary statistics of Russian immigrants’ basic demographic
and socioeconomic characteristics (Panel A) and labor market characteristics (Panel B).
In 1930, four ethnic groups had the similar average age—approximately 42 years old—
although German ethnics were slightly older. Overall, immigrants were much older than

natives due to the lack of new immigrants following immigration restriction laws (Ngai,
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1999). Four ethnic groups from Russia (as well as other immigrants) had similar years
since migration. Among all Russian-born immigrants, Jews were substantially more likely
to live in urban areas: in fact, only less than 2% of Russian-born Jews lived in rural areas/|
On the other hand, rates of urban residence were lower in other groups, especially among
German ethnics (71.8%). But in general, immigrants were far more likely to live in urban
areas than natives. Jews and German ethnics had slightly larger households, were more
likely to be U.S. citizens, and had higher literacy rates. The marriage rate ranged from
70% to 80% across groups. Finally, most Russian-born immigrants, regardless of ethnicity,
could speak English.

Panel A of Table 5 also shows that Russian-born immigrants had significantly different
sociodemographic characteristics with other immigrants in the U.S. Russian-born immi-
grants were more likely to live in cities and were more likely to be citizens and be mar-
ried. Russian-born immigrants were also more likely to be literate and had better English
skills. In addition, there were significant within-population differences in these individual
characteristics among Russian-born immigrants: while Panel A shows some insignificant
pairwise differences (e.g., average age among Jews and Polish ethnics), but jointly, four

ethnic groups’ sociodemographic characteristics were significantly different.
[Insert Table 5 here.]

We further study labor market characteristics in Panel B of Table 5. Russian-born
immigrants had a higher literacy rate and were more likely to speak English well (see
Panel A), which could explain that they had a higher employment rate, higher occupation-

based earnings and were more likely to work in higher-paying industries, including fi-

SUrban was defined by the Census Bureau. In 1930, the Census Bureau largely maintained the definition
of urban in the 1920 census: urban areas were considered to be cities and incorporated places of 2,500
inhabitants or more; the extension of the definition of urban in the 1930 census was that townships and other
political subdivisions (not incorporated as municipalities) having a total population of 10,000 or more, and a
population density of 1,000 or more per square mile, were also considered to be urban (Ruggles et al., 2019).

10The variable occupational scores is the occupation-based earnings measured by the median total income
(in hundreds of 1950 dollars) of all persons with that occupation in 1950 (Ruggles et al., 2019). The 1930
U.S. census (and all previous censuses) did not survey individual income. A widely used proxy for income
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nance/business, professional services, and trade, which had higher average occupation-
based earnings in the U.S. Within the Russian-born immigrants, labor force participa-
tion rates were around 90% in all four ethnic groups and were insignificantly different
by ethnicity. Conditional on labor force participation, Polish ethnics had a slightly lower
employment rate. On average, Jews had the highest occupation-based earnings among
Russian-born immigrants, while Polish ethnics had the lowest occupation-based earnings.
We finally study Russian-born immigrants’ propensity to work in higher paying industries.
Again, Jews were substantially more likely to work in higher paying industries, while Pol-
ish ethnics were less likely to work in such industries.

Note that Russian-born Jews’ occupation-based earnings exceed earnings of both na-
tives and other immigrants, which is consistent with findings of Abramitzky et al. (2014):
during the age of mass migration, immigrants did not face the earnings penalty upon ar-
rival, and did not economically assimilate; while the economic condition of the country
of origin was a good predictor of individuals’ post-migration outcomes, an exception was
the Russian-born immigrant population who had relatively high occupation-based earnings
even though Imperial Russia and its successors (e.g., Russian Republic, and then USSR)
were less developed. Our analysis in Section 3.3 and 4.1 is in line with their findings.

Before moving to the analysis of occupational segregation, we present a brief overview
of industries in Table 6. We adopt the system of occupation and industry classification
made by the Census Bureau (1950), which is digitized by IPUMS (Ruggles et al., 2019)
Ten industries are listed in Table 6. The first four columns show that natives and im-
migrants (Russian-born immigrants in particular) were concentrated in significantly dif-
ferent industries. Compared to natives, Russian-born immigrants were more likely to
work in construction, manufacturing, personal/entertainment services, and trade. On the

other hand, Russian-born immigrants were less likely to work in public administration,

in the prior literature is IPUMS’ occupational score variable constructed based on available individual-level
income data in 1950 and the 1950 industry classification system (Census Bureau, 1950).

17In 1930 census data, approximately 15% of people had occupations that were unclassified in the industry
classification system (Census Bureau, 1950), such as students and retired workers.
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agriculture, mining, and transportation/communication. These industries also had differ-
ent levels of occupation-based earnings. Note that although natives had relatively high
occupation-based earnings in transportation/communication (see row 10), immigrants (in-
cluding Russian-born immigrants) earned much less in this industry, and in this paper we

do not consider it as a higher paying industry in the subsequent analysis.

[Insert Table 6 here.]

4.2 Occupational Segregation among Russian-Born Immigrants

We now present our main results of occupational segregation by ethnicity in Table 7. In
Section 4.1, we show that occupational segregation existed among immigrants and natives
in 1930. Focusing specifically on Russian-born immigrants, we observe high degrees of
within-population occupational segregation by ethnicity as well. German ethnics had the
highest proportion (24.94%) of people working in agriculture; while very few Jews (0.74%)
worked in this industry. Polish ethnics had the highest proportion (7.95%) of people work-
ing in mining; again, very few Jews (0.06%) worked in this industry. Jews were also less
likely to work in transportation and communication, a major industry in the then U.S. On
the other hand, almost half of all Jews worked in wholesale and retail trade, although other

ethnic groups also had significant proportions of people working in this industry.
[Insert Table 7 here.]

Four ethnic groups had similar proportions of people in other industries. In all ethnic
groups, very few people worked in public administration. Jews were slightly more likely to
work in construction, finance/business, and personal/entertainment services, and Russian
ethnics were slightly more likely to worked in professional services, but the differences
were generally small. Manufacturing was a major industry across groups, while Polish

ethnics were substantially more likely to work in this industry.
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The above findings of occupational segregation explain Russian-born immigrants’ eco-
nomic performance in the early 20th century U.S. A further question is: did Russian-born
Jews’ advantages in occupational outcomes still exist after controlling for covariates? Ta-
ble 8 explores this question in a regression framework. In the first four columns, we run
OLS regressions of occupational scores on ethnicity dummies as well as other individ-
ual characteristics, state fixed effects, and industry fixed effects, with Russian ethnics (the
main ethnic group back in Russia) as the reference group. We cluster standard errors at
the state level["| Column 1 shows the baseline estimation: Jews’ annual occupation-based
earnings were 378 dollars (in 1950) higher than Russian ethnics, while Polish ethnics’
annual occupation-based earnings were 279 dollars lower than Russian ethnicsm There
were no significant differences in occupation-based earning between Russian ethnics and
German ethnics. This pattern becomes weaker when we add individual characteristics and
state controls. Moreover, ethnic differences in occupation-based earnings appear to be even
smaller after including industry fixed effects (column 4): Jews’ annual occupation-based
earnings were only 80 dollars (in 1950) higher than Russian ethnics, and Polish ethnics’
annual occupation-based earnings were only 107 dollars lower than Russian ethnics. This
is consistent with descriptive findings in the last four columns of Table 7 that show that
Jews had relatively higher occupation-based earnings in almost all industries, while Polish
ethnics had lower within-industry occupation-based earnings, but such differences in earn-
ings by ethnicity within industry were significantly smaller than differences in earnings by
ethnicity across industries. An explanation is that in each industry, many jobs have fairly
standard ranges of requirements that are similar within this industry, which include human
capital characteristics, skills, age and gender, and other characteristics, and thus the degree

of within-industry occupational segregation by ethnicity appears to be lower.

[Insert Table 8 here.]

8Clustering standard errors at other levels (such as county, enumeration district, and industry) does not
change the empirical conclusion.

9A5 a comparison, the mean household income in 1950 was 3,300 dollars (in 1950). This suggests the
magnitudes of the differences reported in Column 1 are fairly large.
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We also aggregate three higher paying industries—finance/business, professional ser-
vices, and trade—into one category and examine differences in the propensity to work in
higher paying industries by ethnicity in Table 8. Results show that consistent with descrip-
tive findings in Table 7, Jews were indeed more likely to work in higher paying industries,
even after controlling for individual characteristics, state fixed effects, and excluding agri-
culture (see column 7). However, this was mainly because of Jews’ concentration in trade:
column 8 shows that Russian-born Jews were not significantly more likely to work in fi-
nance/business and professional services than other ethnic groups.

One question regarding ethnic occupational patterns is: to what extent the observed oc-
cupational segregation by ethnicity among Russian-born immigrants in the U.S. replicates
the heterogeneity that existed in Russia? On one hand, ethnic occupational segregation
among Russian-born immigrants in the U.S. should be substantially different from that in
Russia’s entire labor market, as Russian immigration was positively selected in terms of
human capital characteristics and urban residence. For example, 1897 Russian census data
(Central Statistical Committee of Russia, 1897) show that approximately 75% of Russian
laborers worked in agriculture, with a disproportionately large share of Russian ethnics (as
ethnic minorities were more likely to reside in cities), but Table 6 shows that only 8% of
Russian-born immigrants (and 9% of Russian ethnics) worked in agriculture in the U.S.,

which could be explained by selection that farmers were less likely to migrate.
[Insert Table 9 here.]

On the other hand, ethnic occupational segregation among Russian-born immigrants in
the U.S. appears to be more similar to that in Russia’s major cities, as both types of obser-
vations partially account for selection on employment. Table 9 presents two case studies.
In Panel A, we compare classes of manufacturing jobs—the majority industry among U.S.
immigrants—in Russia’s St. Petersburg (Bater, 1976; also see Table 2) and the U.S. (1930
census data, Ruggles et al., 2019) by ethnicity. Results show that patterns of ethnic occu-

pational segregation tend to be similar in two countries, especially for managerial jobs and
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self-employment. In Panel B, we compare industries among Jewish workers in Russia (Si-
mon, 1997; also see Table 2) and the U.S. (1930 census data, Ruggles et al., 2019). Results
similarly show that Jewish concentrations in manufacturing and trade appear to be similar
in both countries. The replication of ethnic occupational segregation could be because that
the acquisition of urban-type jobs in both Russia (note that most Jews resided in cities in
Russia) and the U.S. was selected based on human capital characteristics and residential
choices. One caveat of the above results is that Russian data mainly focus on occupational
segregation by Jewish and non-Jewish ethnicity (but not other ethnic groups). However,
Table 9 still presents some empirical evidence of similarities in ethnic occupational segre-

gation in Russia and the U.S.

4.3 Spatial Concentration of Immigrants and Occupational Outcomes

We finally turn to study the relationship between the spatial concentration of immigrants
and labor market outcomes. Researchers have long discussed the economic impacts of
ethnic enclave residence and find mixed results (Cutler et al., 2008). On one hand, leaving
ethnic enclaves signals social assimilation (Bleakley and Chin, 2010; Xu, 2017), which
is generally associated with economic status. On the other hand, immigrants are more
likely to get support from social networks when living in ethnic enclaves (Munshi, 2003;
Patacchini and Zenou, 2012), and thus researchers find ethnic enclave residence leads to
better labor market outcomes after taking sorting into account (Edin et al., 2003).

In Table 10, we explore the relationship between the spatial concentration of immigrants
and occupational outcomes by ethnicity. Specifically, we measure the spatial concentration
of immigrants by ethnicity within the Russian-born immigrant population based on the
size of the co-ethnic enclave (i.e., the number of immigrants of that specific ethnicity) at
the county level and follow the idea of Munshi (2003) that counts old (thus more estab-
lished) and new immigrants separately. We study three types of outcomes: employment

status, occupational score (i.e., earnings), and the likelihood of working in a higher paying

26



industry. Specifically, we estimate the following OLS model:

Ly =ap+ ale((ii)) + agNC_(S(i) + agnigg + oz4nc_(f)(i) + Xa5 + & 4)
where ¢ indexes individual; e(7) is ’s ethnicity classified in Section 3.3, and ¢(4) is i’s

county of residence. L; is a specific type of labor market outcome. Nce((;)) is the number

of old Russian-born immigrants (who arrived before 1920) of e(i) (i.e., ¢’s co-ethnics)
living in ¢(i); N;(f)(i) is the number of old Russian-born immigrants (who arrived before

1920) whose ethnicity is not e(i) (i.e., i’s compatriots of other ethnicity) living in ¢(7).

We similarly use nigg and ng(f(z

)

(who arrived in or after 1920). X, is a vector of control variables introduced in Table 9.

) to denote the number of of new Russian-born immigrants

Note that as only one census year is used in the empirical analysis, time and cohort controls
are not included in our specifications.

Many economists argue that Equation (1) has several types of econometric issues. First,
there might be omitted variables not included in X; that are correlated with both the spa-
tial concentration of immigrants and labor market outcomes. Specifically, self-selection on
migration by ethnicity might introduce bias into the regression’s estimates. For example,
ethnic enclave residence might be positively correlated with both emigration from Russia
and the reliance on social networks in the U.S., through which an ethnic group achieved
better labor market outcomes. Second, L; might reversely affect residential choices. Fi-
nally, the spatial concentration of immigrants might be incorrectly measured, as census
enumeration occasionally missed respondents (Ruggles et al., 2019) or recorded wrong in-
formation about respondents, especially for immigrants as some of them could not speak
English well.

In the classical literature of labor economics (Card, 2001), one standard approach is
to use historical settlements of immigrants as an instrumental variable (IV) for current
settlements. This is based on the idea that immigrants prefer to reside in areas where

historically the same group of immigrants resided (Bartel, 1989). Furthermore, to serve as a
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valid IV, historical settlements should not be correlated with any omitted variables in ¢; that
also affect labor market outcomes. In many prior studies (e.g., Ottaviano and Peri, 2006;
Saiz, 2007; Olney, 2013; Accetturo et al., 2014)12;0] scholars argue that this assumption is
satisfied because with a sufficiently long time lag, the local economic condition at the time

of historical settlements should be unrelated to the current local economic condition.
[Insert Table 10 here.]

In this paper, we use historical settlements of Russian-born immigrants by ethnicity
in 1880 to construct IVs for ethnic enclaves of old immigrants. To do so, we rerun our
machine learning algorithm of ethnicity classification in the sample of Russian-born immi-
grants in 1880 full-count U.S. census data (Ruggles et al., 2019) and measure county-level
ethnic enclaves. The IVs should be especially useful in this paper for two reasons: (a) the
U.S. experienced massive transformation in the society and economy throughout the late
19th and early 20th century (e.g., Kim, 1998), and the local economic condition in 1880
was very different from that in 1930 given a half-century lag; (b) these IVs are especially
effective if historical settlements of immigrants are measured based on the year when the
immigrant population was small (Accetturo et al., 2014) as earliest immigrants should have
no prior settlement patterns to followE] which is exactly the case during the age of mass mi-
gration (Tabellini, 2019). Indeed, there were only about 32,000 Russian-born immigrants,
regardless of ethnicity, who lived in the U.S. in 1880, and they were among the earliest
immigrants from Imperial Russia in the late 19th century U.SF_ZI Hence, Russian-born im-

migrants in 1880 were unlikely to be able to follow any prior settlement patterns. In the

20Starting from the paper by Card (2001), this approach has been widely used in the economic analy-
sis of immigration. For example, using historical settlements of immigrants to instrument for immigrants’
residential choices, Ottaviano and Peri (2006) find positive impacts of cultural diversity on natives’ produc-
tivity; Olney (2013) shows that immigration leads to firm expansion; Saiz (2007) and Accetturo et al. (2014)
show that immigration flows positively affect rents and housing values in both the U.S. and Europe; Tabellini
(2019) finds that immigration flows affected natives’ political attitudes during the age of mass migration in
the U.S., the same historical period studied in our paper.

2lIn some extreme cases (e.g., Waldinger, 2017), scholars even believe that immigrants’ (earliest) set-
tlements in history were arguably random, and thus historical settlements created a natural experiment on
immigrants’ residential choices in terms of geographic characteristics in the host country.

22There were only about 5,000 and 700 Russian-born immigrants in the 1870 and 1860 U.S., respectively.
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first two columns of Table 10, we run first-stage regressions of the number of residents of
same and different ethnicity in 1930 on historical settlements in 1880. We find that histori-
cal settlements successfully predict ethnic enclave residence in 1930, and first-stage results
present no evidence of weak instruments.

We first investigate employment status in column 3 of Table 10. Column 3 suggests that
the number of co-ethnics in the county was positively associated with employment status,
and similarly, the number of Russian-born immigrants of other ethnicity was also positively
related to employment status, while new immigrants—regardless of ethnicity—were nega-
tively correlated with employment status. Column 4 shows IV results, which suggest that
the effect of the concentration of established co-ethnics appears to be underestimated in the
OLS regression; on the other hand, the effect of the concentration of Russian-born immi-
grants in other ethnic groups becomes insignificant. We find that individuals’ employment
status was mainly affected by established co-ethnics; immigrants of other ethnicity—even
if they were also born in Russia—had no effects on employment status.

We turn to focus on occupation-based earnings and the likelihood of working in higher
paying industries in the next four columns. Again, we first present results of OLS regres-
sions and then present IV estimates. Similar to our findings in columns 3 and 4, we observe
that the spatial concentration of established co-ethnics—but not compatriots of different
ethnicity—was positively associated with both earnings and the likelihood of working in a
higher paying industry. These results are consistent with the classical conclusion in labor
economics that immigrants get support from ethnic enclaves in the labor market (Edin et
al., 2003; Patacchini and Zenou, 2012). More importantly, we highlight the importance of
having an accurate measure of ethnicity (Munshi, 2003): measuring immigrant enclaves
using a coarse measure of ethnicity might involve immigrants who do not contribute to
ethnic social networks, further leading to underestimation of network effects.

In Table 11, we run three additional regressions of labor market outcomes on the size of

“compatriot networks” measured by the number of Russian-born immigrants at the county
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level, regardless of ethnicity. Results of Table 11 are qualitatively similar to earlier findings.
However, the effect size becomes significantly smaller in each regression, compared with
Table 10. Table 11 again highlights the importance of taking ethnic heterogeneity into
consideration by presenting that Russian-born immigrants mainly relied on social networks
defined by their specific ethnicity, and other ethnic groups born in Russia had weaker, if

not null, effects.

[Insert Table 11 here.]

We conclude the empirical section by discussing heterogeneous effects of ethnic net-
works in different ethnic groups in Table 12. We measure the effects in terms of three types
of labor market outcomes: employment status, occupation-based earnings, and the likeli-
hood of working in a higher-paying industry. Results of the table show that effects of eth-
nic social networks appear to be strongest among German ethnics. This could be because
of German ethnics’ concentration in agriculture, in which social networks should play a
crucial role in communication, marketing, and collaboration on agricultural technologies.
However, column 11 shows that German ethnic networks also affected occupational pres-
tige (measured by whether an immigrant entered a higher paying industry, which does not
include agriculture). Besides, Jewish networks also had statistically significant effects on
all three types of labor market outcomes with smaller effect sizes. Finally, we find that
Russian ethnic networks significantly affected employment status and occupational pres-
tige, and Polish ethnic networks significantly affected earnings and occupational prestige.
In general, Table 12 presents similar qualitative patterns across four ethnic groups that

co-ethnic networks significantly influenced the labor market outcomes.

[Insert Table 12 here.]
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5 Conclusion

Scholars have long discussed occupational segregation between immigrants and natives
(Borjas, 1986), and across immigrant populations (Fairlie and Meyer, 1995). A traditional
way to classify immigrant populations is based on the country of birth, which neglects
ethnic heterogeneity within a co-birth immigrant population (Xu, 2019). This points out
possible occupational segregation by ethnicity within an immigrant population because
different ethnic groups might have different social, economic, and cultural backgrounds.

In this paper, we present a case study of occupational segregation by ethnicity among
Russian-born immigrants in the age of mass migration in the U.S. Russia was a major send-
ing country of U.S. immigrants in the early 20th century and had a high degree of ethnic
diversity. In the first part of the paper, we develop a machine learning method to clas-
sify ethnicity using Russian immigrants’ name and mother tongue information surveyed in
the 1930 U.S. census. Both name-based ethnicity (e.g., Chibnik, 1991; Mateos, 2007) and
language-based ethnicity (Duranti, 1991) are widely used to measure immigrants’ ethnicity
in anthropology and have been applied in economics (e.g., Foley and Kerr, 2013; Zhang,
2016). In particular, our method allows fuzzy classification, which is particularly useful in
the context of this paper that individuals’ digitized census records are of low data quality
because of, e.g., transcription errors and name changes.

Based on this constructed ethnicity variable, we indeed find a high degree of occupa-
tional segregation by ethnicity within the Russian-born immigrant population. Specifically,
Russian-born Jews were significantly more likely to work in trade and were less likely to
work in agriculture and mining. German ethnics were particularly engaged in agriculture,
and Polish ethnics were concentrated in manufacturing. The overall pattern of occupational
segregation remains unchanged after we include individual characteristics, geographic con-
trols, and industry controls as covariates within a regression framework, and is consistent
with earlier qualitative and descriptive findings in historical research (e.g., Luebke, 1990;

Thomas and Znaniecki, 1996; Simon, 1997; Haines, 2000; Zunz, 2000).
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We further show evidence of the relationship between the spatial concentration of immi-
grants and labor market outcomes. We find that the size of the ethnic enclave—especially
the enclave of more established immigrants—was positively related to employment status,
occupation-based earnings, and the likelihood of working in a higher paying industry. This
is not surprising and has been pointed out by a large body of literature in network eco-
nomics (e.g., Edin et al., 2003; Cutler et al., 2008; Patacchini and Zenou, 2012); what is
more interesting and policy relevant is that the number of established co-ethnic compatriots
mattered most in the labor market, while compatriots of other ethnicity—even if they were
also born in Russia—had weaker or null effects on labor market outcomes.

In this paper, the methodological analysis on ethnicity classification presents a finer
measure of immigrant origin and leads to new findings of occupational segregation. While
this paper focuses on the history of immigration, it still has important implications for im-
migration issues in contemporary contexts. For example, the U.S. Census Bureau broadly
defines “Hispanic immigrants” as those originally from Latin America. While Hispanic
immigrants do speak the same mother tongue, this coarse measure neglects huge hetero-
geneity in social organizations (Portes, 1987), labor market outcomes (Borjas, 1982), in-
teractions with natives (South et al., 2006), marriage patterns (Gilbertson et al., 1996), and
public health outcomes (e.g., Hummer et al., 2000; Acevedo-Garcia et al., 2007) within
the Hispanic population. Moreover, many major sending countries of immigrants in Latin
America (e.g., Mexico and Peru) as well as other regions of the world (e.g., India) have
high degrees of ethnic diversity, and it is possible that immigrants of different ethnic origins
from these countries form different ethnic social networks even within the co-birth popu-
lation after their arrival. For example, Munshi (2003) finds within-population differences
in occupational choices among Mexican immigrants, and such differences are strengthened
by the social networks defined based on specific community of origin, rather than a coarse
measure of country-based origin. Another similar example in an European context involves

immigration after the Yugoslav Wars to Germany in the 1990s (Carter, 1993; Griin, 2009),
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when many refugees had similar biological ancestries and the same nationality even af-
ter the breakup of Yugoslavia but still considered themselves to belong to different ethnic
groups (e.g., Bosnian, Croatian, and Serb ethnics originally from Bosnia and Herzegovina)
due to political, religious, and social reasons. These studies—including this paper—point
out the necessity to have a fine measure of ethnicity in order to accurately evaluate the role
of ethnicity and ethnic social networks in affecting immigrants’ labor market outcomes,

cultural assimilation, social behaviors, and long-term health status.
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Table 1: Demographic Characteristics of Ethnic Populations in Russia

A. 1897 Russian Census by Language and Religion

Language (mother tongue) Number  Percentage Religion Number  Percentage

Russiant 55,667,469  44.31% Orthodox 87,123,604 69.34%

Pan-Russian languages} 83,933,567 66.80%

Yiddish (Jewish language) 5,063,156 4.03% Jewish 5,215,805 4.15%

German 1,790,489 1.43% Lutheran* 3,572,653 2.84%

Polish 7,931,307 6.31% Catholics® 11,467,994 9.13%

Turkish-Tatar 13,373,867 10.64% Muslims 13,906,972 11.07%

B. Major Sending Countries of U.S. Immigrants

Country of birth 1880 1900 1910 1920 1930 1940
RussiaA 32,432 424,647 1,562,045 1,450,734 1,197,244 1,067,956
Italy 44,498 490,883 1,351,055 1,608,841 1,789,588 1,633,659
GermanyA 1,938,065 2,671,484 2,505,650 1,631,480 1,610,701 1,245,601
Ireland 1,853,018 1,641,387 1,355,741 1,049,330 929,429 681,742
England 664,939 850,565 889,485 825,755 813,117 630,001
Canada 716,175 1,229,924 1,254,880  1,2139,53 1,399,034 1,120,505

C. Languages of Russian-Born Immigrants (1930)

Language (mother tongue)  Percentage
Major groups in the U.S.:

Jewish 62.16%
German 25.04%
Pan-Russian 9.29%
Polish 1.64%
Minor groups in the U.S.:

Lithuanian 0.57%
Latvian 0.09%
Finnish 0.03%
Turkish-Tatar 0.01%

Notes for Panel A: Source: 1897 Russian census data. {: Not including Ukrainian and Belorussian. I: Russian, Ukrainian, and Belorussian.
*: 1,435,937 (1.14%) people spoke Latvian. Many Latvians followed Lutheran. §: 1,658,352 (1.33%) people spoke pan-Lithuanian languages.
The majority of Lithuanians (as well as some Latvians) followed Roman Catholics.

Notes for Panel B: Sources: 1880-1940 full-count U.S. census data (Ruggles et al., 2019). 1890 census data were destroyed in the 1920s and
are thus not available. A: Pre-WWI (before 1920) numbers are overestimated due to border changes after WWI.

Notes for Panel C: Sources: 1930 full-count U.S. census data (Ruggles et al., 2019).
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Table 2: Ethnic/Religious Segregation in St. Petersburg: Percentages of Non-Orthodox
Population That Would Have to Relocate to Achieve Equal Residential Distribution
A. Ethnic/Religious Segregation in St. Petersburg

Religion 1869 1910
Catholics 20.6% 13.5%
Protestants 20.8% 20.0%
Jews 40.7% 52.0%
B. Lawyers’ Religions in St. Petersburg Judicial Circuit

Lawyers Apprentice lawyers
Religion Number Percentage Number Percentage
Orthodox 160 54% 109 41%
Catholics 38 13% 34 13%
Lutheran (Protestants) 36 12% 17 7%
Jewish 62 21% 104 39%
All groups 296 100% 264 100%
C. Ethnic Populations in St. Petersburg’s Manufacturing Sector
Position held Jews Non-Jews Jews as % total
Manager (“khoziaeva’) 29% 9% 5%
Administrator (“administratsiia’) 4% 3% N/A
Self-employed (“odinochka’) 26% 12% 3%
Worker (“rabochii’) 41% 76% 1%
All positions 100% 100%

Notes for Panel A: Measure: percentages of non-Orthodox population that would have to relocate to achieve equal
residential distribution. Sources: James H. Bater, St. Petersburg: Industrialization and Change (1976), and Benjamin
Nathans, Beyond the Pale: The Jewish Encounter with Late Imperial Russia (2002).

Notes for Panel B: St. Petersburg’s Judicial Circuit data in 1888. Sources: Benjamin Nathans, Beyond the Pale: The
Jewish Encounter with Late Imperial Russia (2002).

Notes for Panel C: St. Petersburg’s manufacturing sector data in 1881. Sources: Benjamin Nathans, Beyond the Pale:
The Jewish Encounter with Late Imperial Russia (2002).
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Table 3: Classification Results in Test Data

Precision Recall F-measure Accuracy
A. Dataset I:
Russian 0.88 0.86 0.87
Jewish 0.92 0.90 091
German 0.88 0.98 0.93
Polish 0.97 0.90 0.93
Overall 091
B. Dataset I1:
Russian 1 0.94 0.97
Jewish 1 0.98 0.99
German 0.89 1 0.94
Polish 0.98 0.94 0.96
Overall 0.97
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Table 4: Classification Results: Percentages of Russian-Born Ethnic Groups in 1930

&) (@) 3 “ &) (6)
Ethnicity: Russian  Jewish German Polish  Unclassified All
A. Overall %: 0.084 0.622 0.258 0.027 0.009 1.000
B. Year of arrival:
Before 1900 0.062 0.595 0.313 0.017 0.013 1.000
[0.130] [0.170] [0.215] [0.115] [0.255] [0.177]
1900 - 1904 0.065 0.663 0.245 0.018 0.009 1.000
[0.125] [0.175] [0.156] [0.183] [0.164] [0.164]
1905 - 1909 0.074 0.663 0.235 0.022 0.008 1.000
[0.200] [0.244] [0.208] [0.186] [0.198] [0.229]
1910- 1914 0.111 0.566 0.271 0.044 0.007 1.000
[0.353] [0.245] [0.283] [0.444] [0.224] [0.269]
1915 - 1919 0.113 0.590 0.250 0.038 0.010 1.000
[0.054] [0.039] [0.039] [0.057] [0.045] [0.041]
1920 - 1924 0.093 0.677 0.207 0.017 0.007 1.000
[0.108] [0.108] [0.079] [0.063] [0.078] [0.099]
1925 - 1930 0.119 0.591 0.246 0.030 0.016 1.000

[0.030] [0.020] [0.021] [0.023] [0.037] [0.022]
[1.000] [1.000] [1.000] [1.000] [1.000] [1.000]

Sample size: 609,200 (1930 U.S. full-count census data).

In Panel B, a number in the main line is the fraction of an ethnic group among all Russian-born immigrants who

arrived in that specific period (the sum of all numbers in that row equals 1).
In Panel B, a number in the bracket is the fraction of people from an ethnic group who arrived in that particular
period, among all immigrants from that group (the sum of all numbers in that column equals 1).
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Table 5: Summary Statistics of Immigrants in 1930 U.S. Census Data

(€3] (@) 3 “ (©)) 6 ) ® ®
Russian-born immigrants’ ethnicity: Other Native (H-4)  B)vs(6)

Russian Jewish German Polish All immigrants -born F-test t-test

A. Demographic variables

Age 41.609 42.069 43.265 42.244 42.974 42.346 26.792 <0.001 <0.001
(11.920)  (13.296)  (13.238) (10.894) (13.122) (15.521) (19.349)

Years since 21.258 23.096 24.276 21.280 23.197 23.500 <0.001 <0.001

migration (9.632) (9.627)  (10.877)  (8.775) (9.984) (13.516)

Urban 0.839 0.982 0.718 0.786 0.896 0.780 0.517 <0.001 <0.001
(0.368) (0.132) (0.450) (0.410) (0.306) (0.414) (0.500)

Household 3.868 4412 4.357 3.772 4.334 3.875 4.799 <0.001 <0.001

size (2.313) (1.891) (2.533) (2.521) (2.138) (2.052) (2.561)

Citizenship 0.550 0.726 0.641 0.439 0.681 0.569 — <0.001 <0.001
(0.490) (0.446) (0.480) (0.496) (0.466) (0.495)

Literate 0.883 0.936 0913 0.810 0.922 0.903 0.961 <0.001 <0.001
(0.325) (0.241) (0.282) (0.392) (0.269) (0.295) (0.194)

Married 0.724 0.798 0.770 0.700 0.781 0.674 0.388 <0.001 <0.001
(0.447) (0.402) (0.421) (0.458) (0.413) (0.469) (0.487)

Speak English 0.928 0.954 0.946 0.892 0.948 0.936 0.996 <0.001 <0.001
(0.259) (0.209) (0.227) (0.310) (0.222) (0.245) (0.063)

B. Labor market variables

In labor force 0.909 0.908 0.900 0.906 0.906 0.900 0.872 0.078 <0.001
(0.288) (0.289) (0.301) (0.291) (0.292) (0.300) (0.334)

Employed (if in 0.880 0.901 0.899 0.856 0.901 0.875 0.915 <0.001 <0.001

labor force) (0.325) (0.299) (0.301) (0.351) (0.299) (0.330) (0.279)

Occupational 26.848 30.631 25.329 24.061 28.694 24.447 22.531 <0.001 <0.001

scores (10.814)  (10.361)  (11.525)  (8.845)  (10.975) (9.554) (11.127)

Non-agriculture 28.111 30.733 28.952 25.355 29.953 23.354 22.111 <0.001 <0.001

occ. scores (10.343)  (10.301)  (10.542)  (8.323)  (10.388) (9.867) (11.040)

In higher paying 0.247 0.360 0.230 0.154 0.310 0.243 0.215 <0.001 <0.001

industriest (0.431) (0.480) (0.421) (0.361) (0.462) (0.429) (0.410)

Observations 51,418 378,732 157,310 16,319 609,200 7,057,532 54,190,055

Standard deviations are in parentheses. p-values of statistical tests are shown in Column 8 and Column 9.
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Table 6: Summary Statistics: Industries

)] 2 3) “) 4) (6) @)
Percentage of workers among Occupational score among
all natives  immigrants Russians natives  immigrants Russians
1. Public 249%  2.71% 1.44% 0.64% 26.224 24.369 24.432
administration (9.630) (8.294) (9.474)
2. Agriculture 31.58% 35.07% 15.13% 8.46% 11.699 12.203 12.913
(3.943) (3.332) (3.026)
3. Construction 8.40%  7.82% 11.14% 9.25% 25.991 25.166 26.443
(6.604) (6.002) (6.743)
4. Finance and 6.07%  6.30% 4.99% 6.11% 29.860 28.383 31.651
business (7.720) (7.936) (7.472)
5. Manufacturing 19.07% 17.09% 28.41% 24.23% 25.690 24.957 26.169
(7.163) (6.167) (6.726)
6. Mining 337%  3.08% 4.76% 1.46% 25.695 24.573 24.383
(4.623) (2.765) (2.493)
7. Services, 3.17%  3.30% 2.54% 3.52% 40.592 35.666 46.796
professional (21.480) (21.360) (22.798)
8. Services, 4.13%  3.69% 6.21% 5.57% 20.900 20.176 24.143
personal/entertain. (9.283) (8.911) (10.100)
9. Trade, 12.71% 11.85% 16.74% 36.96% 28.684 29.687 32.102
wholesale/retail (9.046) (10.487) (9.596)
10. Transportation/  9.01%  9.08% 8.65% 3.80% 28.881 25.780 25.097
communication/etc. (8.283) (7.375) (6.539)

Standard deviations are in parentheses. The classification is based on the 1950 industrial classification system (Census Bureau, 1950).

Occupational score: median total income (in hundreds of 1950 dollars) of all persons with that occupation in 1950 (Ruggles et al., 2019).
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Table 7: Occupational Segregation by Ethnicity among Russian-Born Immigrants

(1 2 (3) “4) (5 (6) @) 3)
Percentage of workers among Occupational scores among

Russian  Jewish  German  Polish Russian Jewish German Polish

1. Public 0.88% 0.53% 0.80% 0.88% 20.835 27.635 22.246 19.011
administration (10.200)  (8.112) (9.837) (7.892)
2. Agriculture 9.23% 0.74%  2494% 11.26% 12.635 14.290 12.881 12.489
(3.035) (6.045) (2.709) (3.094)

3. Construction 8.75% 10.56%  7.55% 8.01% 25.381 26.948 25.651 23.992
(6.501) (6.819) (6.527) (5.571)

4. Finance and 5.93% 6.76% 5.21% 4.31% 29.454 32.617 30.653 26.816
business (8.376) (6.880) (7.893) (8.466)
5. Manufacturing 28.33% 23.22% 21.30% 38.68% 24.835 27.143 25.450 23.796
(6.514) (6.782) (6.732) (5.472)

6. Mining 5.36% 0.06% 2.31% 7.95% 24.280 27.821 24.387 24.164
(2.156) (7.378) (2.525) 1.321)

7. Services, 3.82% 3.73% 3.26% 2.26% 45.070 47.906 45.297 38.166
professional (23.054) (22.237) (23.456) (23.318)
8. Services, 5.37% 5.83% 4.45% 4.57% 22.773 25.025 23.541 20.790
personal/entertain. (9.792)  (10.283) (10.046) (8.880)
9. Trade, 26.83% 45.88% 24.92% 15.46% 31.846 32.147 32.357 30.111
wholesale/retail (9.866) (9,503) (9.680)  (10.066)
10. Transportation/ 5.51% 2.69% 5.20% 6.73% 24.419 25.560 25.073 23.783
communication/etc. (6.100) (6.586) (6.626) (5.590)

Standard deviations are in parentheses. The classification is based on the 1950 industrial classification system (Census Bureau, 1950).

Occupational score: median total income (in hundreds of 1950 dollars) of all persons with that occupation in 1950 (Ruggles et al., 2019).
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Table 8: Occupational Segregation by Ethnicity among Russian-Born Immigrants: Regres-

sion Analyses

Dep. var.: Occupational scores Dummy of higher paying industryt
@ @) 3 (C)) () 6 ) (®)

Jewish ethnic 3.783%* 1.156 1.284%* 0.797%* 0.198%* 0.119%* 0.131* 0.012
dummy (1.187) (0.667) (0.638) (0.294) (0.074) (0.057) (0.055) (0.030)
German ethnic —1.518 —0.844* —0.124 0.140 —0.031 —0.005 0.025 —0.004
dummy (0.900) (0.346) (0.247) (0.110) (0.029) (0.013) (0.013) (0.006)
Polish ethnic —2.787#*%  —1.657FFF  —1.920%FF  _],065%** —0.145%%*%  —0.112%%*%  —0.128%*%*  —(0.043%**
dummy (0.339) (0.176) (0.149) (0.141) (0.007) (0.009) (0.007) (0.004)
Year since 0.131%%%* 0.137%%%* 0.112%*%* 0.004 %% 0.004 % 0.004 %
migration (0.019) (0.018) (0.014) (0.000) (0.000) (0.000)
Urban 9.970%** 7.947H%* 1.013%%* 0.313%%* 0.125%#* 0.101%#*

(0.841) (0.612) (0.216) (0.017) (0.026) (0.009)
Citizenship 3.179%** 3.244 %% 2.350%*%* 0.098%#%*%* 0.104%#*%* 0.076%**

(0.151) (0.104) (0.068) (0.006) (0.006) (0.005)
Other controls No Yes Yes Yes No Yes Yes Yes
State FE No No Yes Yes No No Yes Yes
Industry control No No No FE — w/o ag. w/o trade
Adjusted R? 0.052 0.177 0.199 0.388 0.053 0.110 0.076 0.061
Observations 441,278 441,278 441,278 378,025 396,233 396,233 362,936 247,229

(1) - (4): Regressions of earnings. Reference group: Russian ethnics (the majority group in Russia).
(5) - (8): Regressions of the propensity to work in higher paying industries (f: finance/business, professional services, and trade) by ethnicity.
Standard errors are in parentheses and are clustered at the state level. *: p < .05; **: p < .01; ***: p < .001.
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Table 9: Ethnic Occupational Segregation in the U.S. and Russia

A. Manufacturing Jobs by Ethnicity in St. Petersburg and the U.S.

Position held, St. Petersburg Jews Non-Jews Ratio Position held, U.S. Jews Non-Jews Ratio
Manager 29% 9% 3.2:1

Administrator 4% 3% 1.3:1

Manager + Administrator 33% 12% 2.7:1 Employer 7.03% 3.06% 2.3:1
Self-employed 26% 12% 2.2:1 Self-employed 2.25% 4.41% 2:1
Manager + Admin. + Self-emp. 59% 24% 2.4:1 Employer + Self-emp. 11.44% 5.31% 2.2:1
Worker 41% 76% 1:1.9 Works for wage 88.56&  94.85% I:1.1
B. Jews’ Occupations in Russia and the U.S.

Industry among workers Russia U.S.

Agriculture 3.76% 0.74%

Administration 5.53% 0.53%

Manufacturing 37.49%  23.22%

Service 6.99% 5.83%

Trade & Commerce 40.90%  45.88%

Transportation 4.21% 2.69%

Notes for Panel A: Data sources: James H. Bater, St. Petersburg: Industrialization and Change (1976) and 1930 U.S. census data (Ruggles et al., 2019).
Notes for Panel B: Data sources: Rita J. Simon, In the Golden Land: A Century of Russian and Soviet Jewish Immigration in America (1997) and 1930 U.S.
census data (Ruggles et al., 2019).
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Table 10: The Relationship between the Spatial Concentration of Ethnicity and Labor Mar-

ket Outcomes

Dependent var.: # same (1), diff. (2) ethnics Employment status Occupational scores Higher paying industry
First-stage regressions OLS v OLS v OLS v
@ @ (€)) (C) &) ©® (O] ®

Historical settlements of immigrants (IVs):

# (in k) in the county, =~ 1.358%%* 1.969%#%*

same ethnicity (0.334) (0.365)

# (in k) in the county, 0.441%* 3.250%%%*

different ethnicity (0.166) (0.193)

Enclave of old immigrants (arrived before 1920):

# (in k) in the county, 0.0018%%*%* 0.0091* 0.0763* 0.3498* 0.0084%** 0.0299*

same ethnicity (0.0003) (0.0045) (0.0330) (0.1508) (0.0004) (0.0075)

# (in k) in the county, 0.0015%%*%* —0.0003 0.0778%* 0.0416 0.0005 —0.0040

different ethnicity (0.0002) (0.0012) (0.0356) (0.0421) (0.0004) (0.0021)

Enclave of new immigrants (arrived in/after 1920):

# (in k) in the county, —0.0119%*  —0.0553* —0.5376*%*  —2.1685* —0.0583#**  —(.1872%**

same ethnicity (0.0016) (0.0027) (0.1951) (0.9035) (0.0025) (0.0451)

# (in k) in the county, —0.0095* 0.0011 —0.5495%%* —0.3057 —0.0127%#%%* —0.0150

different ethnicity (0.0014) (0.0076) (0.1792) (0.2585) (0.0022) (0.0129)

County population Yes Yes Yes Yes Yes Yes Yes Yes

Other controls Yes Yes Yes Yes Yes Yes Yes Yes

First-stage F > 100 > 100

Adjusted R? 0.327 0.260 0.069 — 0.164 — 0.107 —

Observations 492,149 492,149 609,200 492,149 445,099 356,127 399,661 318,050

Dependent variables: (1): the number of immigrants of same ethnicity in the local county; (2) the number of immigrants of different ethnicity in the local
county; (3) - (4): employment status; (5) - (6): occupation-based earnings; (7) - (8): the indicator of working in a higher-paying industry.

Independent variables: numbers of immigrants (in k) in the local county, by ethnicity (same or different).
Instrumental variable: historical settlements of immigrants by ethnicity (in 1880).

Higher paying industries: finance/business, professional services, and trade.

Standard errors are in parentheses, and are clustered at the state level. *: p < .05; **: p < .01; ***: p < .001.
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Table 11: The Relationship between the Spatial Concentration of Ethnicity and Labor Mar-
ket Outcomes: Compatriot (Co-Birth Immigrants) Networks

Dependent var.: Emp. status Occ. scores Higher paying ind.
v v 1AY
@) 2 3)
Enclave of old immigrants:
# (in k) in the county, 0.0017%** 0.1071%** 0.0038%**
born in Russia (0.0004) (0.0249) (0.0012)
Enclave of new immigrants:
# (in k) in the county, —0.0105%* —0.7130%** —0.0310%*
born in Russia (0.0025) (0.1510) (0.0083)
County population Yes Yes Yes
Other controls Yes Yes Yes
Observations 492,149 356,127 318,050

Independent, dependent, and instrumental variables follow the previous table.
Higher paying industries: finance/business, professional services, and trade.
Standard errors are in parentheses and are clustered at the state level. *: p < .05; **: p < .01; ***: p < .001.
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Figure 1: Geographic Distribution of Language Groups in Imperial Russia, 1897 (Source:
1897 Russian Census Data)

Row 1: Slavic Languages. Left: Russian. Right: Polish.

Row 2: Germanic Languages. Left: Yiddish. Right: German.

Row 3: Turkic Languages. Left: Turkic Languages (All Types). Right: Chuvash.
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(a) Russian Ethnics

(b) Jewish Ethnics
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(c) German Ethnics
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Figure 2: Geographic Distribution of Ethnic Groups among Russian-Born Immigrants in
the U.S.
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