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Abstract

This paper studies the dynamic effect of networks on location and occupation decisions

of immigrants to the United States between 1900 and 1930. We compare the distributions

of immigrants both by intended and actual state of residence to counterfactual distributions

constructed by allocating the national-level flows according to the distribution of previous

immigrants and to measures of demand for occupations at the state level. Our results are

consistent with migrants using ethnic networks as a transitory mechanism while they learn

about their new labor markets and not with other hypotheses that do not account for the

dynamic patterns we document.
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1 Introduction

The fact that immigrants of a particular country or ethnic group tend to locate in similar

regions once in their new adoptive country has been observed for a long time. For example,

this pattern has been observed in the most recent wave of migration to the United States, this

time coming mostly from Mexico and Central America.1 This pattern of concentration has not

only been used in policy discussion: various studies have used it as a way to generate (plausibly

exogenous) variation in the number of migrants to a particular location (see for example Altonji

and Card 1991, Card 2001, and more recently Cortés 2008 and Peri and Sparber 2009, among

many others). Research on migration has also looked at the connection between this pattern

and the existence of networks in the labor markets; in a well-known paper Munshi (2003) argues

that the size of the ethnic network (in his case, at the level of the village of origin) increases

the probability that a new migrant will find employment in the destination, suggesting that this

clustering may be linked to the capacity of immigrants to help each other find work through

referrals. Relatedly, Patel and Vella (2007) emphasize that referrals, through the ethnic networks,

may help explain the occupational concentration of different ethnicities in different cities that are

observed in the current data in the United States.

However, the dynamic effects of ethnic networks on the occupation and location decisions of

immigrants have not received significant attention previously. Do migrants select their destina-

tion by matching their set of skills to that of the main occupations within their network before

they depart? Or do they just look for the state with the best match for their skills once they have

arrived? How does the role of networks appear to change as the migrant spends more time in

her adopted country and learns about labor markets in the United States? This paper attempts

to shed light on these questions studying the dynamics of occupational and geographical choices

of immigrants that arrived to the United States between 1900 and 1930. Using a simple moti-

vating framework of location-occupation choice, we exploit a large dataset with gross and net

1For example, Card (2009) shows some figures for the case of Filipino immigrants to the United States in recent
decades. For the immigration waves during the early 20th century Wegge (1998) shows that “chain migration” was
prevalent among German immigrants. Furthermore, the anti-immigration discourses of the early 20th century used
this pattern, among other issues, as an argument against (the mostly European) immigration over that period, the
so-called “new immigrants”.
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immigration flows to the United States between 1900 and 1930 by ethnicity, occupation and state

of residence (both intended when arriving and actual residence). The data allow us to contrast

concentrations across states, ethnicities and occupations, measured at arrival to the United States

and after immigrants have spent time in the country.

Overview. This study first sets up a simple location-occupation decision framework to motivate

our empirical results. We argue that when ethnic networks only provide ethnic-specific ameni-

ties or consumption goods, then location choices should be related to the strength of pure ethnic

networks but should have little or no relation to the specific occupations of the members of these

networks beyond some ethnic-specific skill set.2 If frictions or other features of the destination’s

labor market force immigrants to rely permanently on their network for job seeking, then their

location decisions would be driven solely by the presence of individuals of the same ethnicity

and occupation. On the contrary, if immigrants eventually assimilate in the local labor market

but initially need previous immigrants to provide job referrals that serve as a (transitory) safety

network, then we should observe that the occupations of recently arrived immigrants are highly

correlated with the most prevalent occupations among their ethnic group in that particular des-

tination. In addition, and contrary to the other two alternatives, this effect should change over

time as immigrants who have spent more time in the country of destination may be finding

employment in occupations better related to their skills and not to what is done by their fellow

countrymen. Finally, in this case an immigrant would select initially the state according to the

presence of immigrants from the same ethnic group and/or because of the match between her

skills and the (relative) demand in that state (reflecting the transitory role of the referrals within

the ethnic group).

We then exploit two sources of data covering migration to the United States between 1900 and

1930, a period that spans part of the Great Migration era, the years right after World War I, and

the years when major immigration reforms were enacted. At that time, when immigrants arrived

2For example, Italians are more likely to work in pizza restaurants because they have specific knowledge about the
tasks (i.e. they have the skills), but that is not a reflection of the role of networks neither does it depend on the specific
destination. An exception to that would be if the occupation captures some general social class and ethnic-specific
amenities or if consumption goods are related to ethnicity and social class.
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to the United States (and when they boarded the ship), they were asked a series of questions

including their ethnicity, the state where they intended to live and their occupation in their country

of origin. We demonstrate that this answer appears to be highly related to their actual state of

residence soon after arrival. These answers were tabulated and presented in the annual reports

of the Commissioner of Immigration from 1899 to 1930, a data source previously unexplored to

the best of our knowledge.3 As they settled in the United States, immigrants were also surveyed

during the decennial Censuses, reporting their year of arrival, country of birth, “actual” state of

residence and “current” occupation. We match the cohorts of immigrants from these two data

sources using the year of immigration and ethnicity to form a panel at the cohort-level.

Using these sources, we study whether the patterns of location and occupation choice implicit

in the gross (measured at arrival) and net flows (measured in the census) of immigration are com-

patible with the hypothesis that ethnic networks provide temporary support in the labor market.

To do this, we construct three separate counterfactual distributions of immigrants by allocating

the national flow of immigrants by ethnicity and occupation for every year of our analysis. These

counterfactual distributions are intended to separately measure the strength of the pure ethnic

benefits, the state level demand for a occupation, and the ethnic-specific occupation match for the

state by using the distribution of previous immigrants who shared one’s ethnicity, occupation or

both within the stock of immigrants living in the United States in 1900.4 We then simultaneously

compare the fit of the three counterfactual distributions to the actual distributions of immigrants

at two points in time: at their arrival to the United States (using their reported occupations in their

country of origin and their intended state of residence), that we call ex-ante distribution, and once

they have settled, or ex-post distribution, using their actual occupations and states of residence.

To better illustrate our empirical strategy, let us imagine that a state in 1900 had 10 percent

of all Italians, 20 percent of all bakers and 30 percent of all Italian bakers in the United States

but also only 5 percent of all carpenters and 2 percent of all Italian carpenters. Further assume

3See section 3 for a detailed description of the original data contained in the annual reports of the Commissioner
of Immigration and the processed data used in this paper.

4Using shares of past immigrants in a decade before the period under study is relatively standard in the immi-
gration literature (see for example Altonji and Card 1991). Our measure of past stocks could be considered as a
proxy measure of a network, and we construct them this way to try to diminish the potential reflection problem, as
emphasized by Manski (1993). We also control for a large set of fixed effects to capture other confounding factors.
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that 100 more Italian bakers and 100 more Italian carpenters arrive to the United States in 1915

compared to 1910 and that in the 1920 Census, 150 more Italian bakers and 50 more Italian

carpenters declare having arrived to the United States in 1915 compared to 1910.5 The empirical

exercise performed in this paper measures which of the three proposed counterfactual allocations

is closest to the actual allocation of migrants by state, both ex-ante and ex-post.6 Table 1 details

what would be the predictions made by the allocating shares in each case. If individuals select

their ex-ante location based only on the concentration of their ethnic group, we would expect that

10 more Italian bakers and carpenters would declare to be heading to this state at their arrival to

the United States. Were we to see 20 bakers but only 5 carpenters, labor market factors would

appear to be determining ex-ante choices.

Our results show that ex-ante decisions are particularly related to the presence of individuals

of the immigrant’s ethnic group irrespective of their occupations. In contrast, ex-post decisions,

taken in the years shortly after arrival are strongly influenced by the presence of individuals

of one’s own ethnic group who also have the same set of skills as the migrant. We present an

example graphically displaying this result in Figure 1. One can see in that figure that the change

in the number of migrants declaring to be moving to that state is best matched by predictions

constructed by ethnicity only. On the other hand, the change in the number of migrants actually

living in the state is more precisely predicted by allocating national flows by ethnicity and occu-

pation. These results are qualitatively similar whether we attempt to match the changes in the

flow of immigrants over time in each state by ethnicity, by occupation or by the combination of

both (following italians, carpenters, or italian carpenters, respectively). Results are also robust to

alternative definitions and sample selections.

Overall, our estimates are consistent with a situation where networks serve as insurance upon

landing with ethnic benefits and demand for skills playing a larger role later on. Moreover, these

results are not consistent with simpler alternatives that ignore the dynamic aspects we uncover

when we compare the importance of these three counterfactual distributions for immigrants who

5Since our analysis uses time fixed effects, we here explain the empirical exercise using changes from one year to
another instead of levels.

6We perform the exercise for all states, ethnicities and occupations simultaneously within the limits of the data as
explained in Section 3.
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have just arrived to the United States (ex-ante distribution), those who have spent a few years

in the United States, and those who have spent more time in the country. We observe that

the difference between the ex-ante and ex-post distribution is more marked for immigrants re-

cently arrived to the United States than for those who have been residing for longer periods. We

also find additional support for our hypothesis that these allocation patterns are transitory and

linked to the ability to participate in the labor market. First, the pattern highlighted above is

especially visible for immigrant groups that are likely to face more complicated situations in the

labor markets shortly upon arrival (immigrants who report occupations with low occupational

scores7 and immigrants from non-English speaking groups8). Second, the pattern we observe is

most marked for occupations that produce “tradeable” goods, which is logical as providing em-

ployment in the same occupation might be costlier in terms of wages for individuals producing

non-traded goods.9

Besides from changes in the occupations of the migrants, which is the mechanism we high-

lighted and emphasized before, two other mechanisms could lead to observing a difference be-

tween ex-ante and ex-post distributions: selective return migration, and changes in the location

decisions of migrants. We explore the two alternatives in the paper but we do not find evidence

they play an important role, and thus conclude it is unlikely they can explain the differences we

see in the distributions. While we cannot conclude that any of the estimates necessarily measure

a network effect, the pattern uncovered is consistent with the proposed role networks may play

on the labor markets for immigrants.

Related Literature. The results presented in this paper contribute to our understanding of the

factors that affect the location and occupational decisions of migrants, including ethnic networks

7Using occupations at origin to predict occupation distribution of immigrants at destination has been used in the
literature. For example, Friedberg (2001) uses this approach in her study of Russian immigration to Israel. Our results
imply that such an strategy will be more successful for more highly skilled immigrants, especially if used to predict
occupations long after arrival to the host country.

8Related results have been observed in the context of the recent immigration wave to the United States. Peri
and Sparber (2009) show that differences in communication skills are related to the sorting of native and immigrant
workers into different occupations.

9Alternatively, it could be costlier or harder for previous immigrants working in non-tradeable occupations to
provide employment if their total output is determined by local demand for the services and goods. This is true even
if wages are equalized across states for equivalent workers.
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and labor demand conditions. While Bauer, Epstein, and Gang (2005) study the role of net-

works on location choices of migrants in a static framework, our results shed some light on the

dynamics of this pattern, something that has been explored theoretically (see for example Calvo-

Armengol and Jackson 2004, 2007) but where empirical evidence has focused on the resulting

segregation and workplace concentration. Munshi (2009) argues that networks may be able to

break occupation-based traps and presents evidence from the Mumbai diamond industry sup-

porting his hypothesis. Edin, Fredriksson, and Aringslund (2003) suggest, using an exogenous

placement policy of migrants in Sweden, that living in a ethnic enclave benefits lower-skilled

migrants, a finding that consistent with our results but Aslund (2005) look at the initial and sub-

sequent location choices of migrants in Sweden and finds little variation over time in the factors

influencing the decisions, in contrast to our findings. Most closely related to our paper, Beaman

(2011) exploits the allocation process of refugees resettled in the United States to study these ef-

fects on employment and other labor market outcomes. She finds evidence that ethnic networks

influence the access to local labor markets of newly arrived refugees, and that the effect depends

on the “age” of the network: while the size of the recently arrived cohorts of refugees negatively

affects the outcomes of the current arrivals, the size of older cohorts (two or more years before

the current refugees) improves their outcomes. Our contribution is complimentary to Beaman

(2011) as we argue that the role of networks itself changes as a migrant spends more time in the

United States, thus looking at the dynamics as cohorts “age” rather than the differential effect of

the cohorts already present at the moment of arrival.

This paper is also related to the literature that studies the performance of immigrants in

the United States around the turn of the 20th century. Our results suggesting that the ethnic-

occupation network becomes less relevant as the immigrants spend more time in the United

States are consistent with the evidence presented in Minns (2000), who finds evidence of positive

wage growth within cohorts of immigrants arriving during the same period we study. Further-

more, Minns (2000) also reports that immigrants showed high mobility into well-paid occupations

which could be because migrants return to the occupation they were performing before their ar-

rival, as we postulate.10 The work of Abramitzky, Boustan, and Eriksson (2012) also explores the

10See also Hatton and Williamson (2005); O’Rourke and Williamson (1999) for a more comprehensive view of
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same period but looking at the selection process from the country of origin, not by location or

occupational choice at arrival.

Finally, our results improve our understanding of the occupational and geographical concen-

tration of immigrants. Our results may justify why new immigrants are more likely to choose

the same occupation previous immigrants from the same country have chosen, and that those

who choose these occupations perceive a benefit in their earnings too as documented by Patel

and Vella (2007) for the United States and Chen, Jin, and Yue (2010) for China.11 However, all

these studies are constrained to look at occupations once the individual has migrated and thus

cannot distinguish whether this pattern is driven by individuals of similar skills selecting the

same location or by immigrants selecting the same occupation once they have migrated. Ours

results also offers some support for the use of local variation in networks strength as a source of

exogenous variation to estimate the impact of immigration (see for example (Card 2001; Card and

Lewis 2005; Cortés 2008; Cortés and Tessada 2011; Peri and Sparber 2009) among several others)

as they suggest that while the ex-post location of immigrants may be more endogenous to local

labor market conditions than the ex-ante one, this occurs also because immigrants change their

occupation in response to the relative advantage of their networks and not only because they

re-optimize their location decision based on current labor market conditions.

Layout. The remainder of this paper is organized as follows. Section 2 sketches a framework to

help us better understand the factors that could influence the network dynamics of immigration.

Section 3 describes the data and section 4 explains the empirical methodology and the results

are presented in section 5. Section 6 then explores what could be the reason behind the pattern

identified in the previous section. Finally, in the last section we summarize the results and offer

some conclusions.

globalization, in general, and migration, in particular, during this period.
11See also Federman, Harrington, and Krynski (2006). Munshi and Wilson (2008) study the connection between

ethnic networks when the American Midwest was first settled and occupational choice today.
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2 Motivating Theory

One important element in our empirical analysis is the difference in the patterns of occupa-

tion and geographical location according to the timing of the decision and the relative strength

of the different channels/networks at the moment the decision is taken. We introduce a simple

framework highlighting the key elements that affect a migrant’s decision about geographical loca-

tion and occupational choice, and the moments when this decision is made. The main empirical

hypothesis are then motivated using this framework.

2.1 (Basic) Framework

Assume a migrant from ethnic group j and skills o, i.e. she worked in occupation o in her

country of origin and thus has only that exact set of skills, has just arrived to location s. The

immigrant lives for two periods and discounts the future using a discount factor β. We assume

migrants are risk-neutral, although risk-averse behavior does not change the main implications

of our framework.

The labor market for immigrants at destination s functions as follows. The wage (wsqo) offered

to individuals in occupation q with skills o in location s is a function of the match between the

occupation and the skills, reaching a maximum when q = o. Furthermore, we assume that the

wage is higher for occupations that are in high demand in s, which will be reflected by a higher

past concentration of individuals in that occupation Nsq. We also assume that frictions in the labor

market are more important for immigrants than for natives (or immigrants that have stayed in

the country for one period already), and that these frictions make it difficult for an immigrant

to find employment unless they have some referral from their own network. In particular, let’s

assume that the probability for a migrant of ethnicity j of finding employment in occupation q

in state s upon arrival is given by P
(

Njsq
)
, where Njsq denotes a measure of the relative strength

of the migrant’s ethnic network in occupation q in state s, such that ∑q Pjqst = 1 for a given (j, s)

pair.12

12In our empirical work we will approximate it with the stock of migrants of one’s ethnicity and occupation in that
state.
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As the migrant lives longer in her new environment, her knowledge of the labor market in-

creases and her capacity to find employment given her skills may become less and less dependent

on her network. If such learning occurs, which we will denote by the parameter α = 1, she will

be able to pick the occupation in her state which will give her the highest income, most probably

the one corresponding to her own skills. If there is no learning (α = 0), then she will remain in

the occupation she obtained in the first period.

The migrant’s utility for a given s is

U(j, s, o) = γ(Njs) + ∑
q

P(Njqs)

(
wsqo + β

[
α(max

q′
wsq′o) + (1− α)wsqo

])
(1)

where γ(·) represents benefits of having individuals of one’s ethnicity which are unrelated to

labor markets, such as having restaurants, temples, etc.

The migrant’s location decision s∗ can then be written as

s∗ = arg max
s

U(j, s, o).

From this simple framework, the following general conclusions can be drawn. First, if the

role of networks in the labor market is limited (P′(Njqs) ≈ 0), we should observe that migrants

would locate where they have fellow countrymen, regardless of their occupation and because

of the non-labor market benefits of ethnic networks, and where there is demand for their skills

(captured by the stock of past migrants in the same occupation). In this case the distribution

of immigrants, by state (s) and occupation (q), would then be better approximated using the

distribution of previous immigrants of the same ethnic group, and this would not change as they

spend more time in their destination.

Secondly, if α = 0, migrants would elect a location where they have a large number of their

countrymen exercising their own occupation as this will be their only way of working with their

skills from their own country in the United States. Once more, this conclusion should be the

same whether we consider the location choice of migrants based on their skills o or their actual

occupation once they have migrated q. If γ(·) is large enough, pure ethnic networks will also

9



play a role in the location decisions. Furthermore, while we may expect the importance of ethnic

externalities to decrease as the migrant spends more time in her adoptive country, the relative

importance of each element of the model is unlikely to be influenced by the time spent by the

immigrant at her destination.

However, if α > 0 and P′(Njqs) > 0, a different location pattern could emerge. Conditional on

the migrant’s initial skill set o and ethnicity j, the probability that a given state will be selected

will depend on the size of the ethnic network in that state, the wage that one could earn in the

occupations that are already taken by individuals of the network with one’s skills, and the gen-

eral attractiveness of that state to migrants with similar skills sets (given the anticipation that in

the second period, such employment will become available).13 Conditional on the migrant’s first

occupation in the United States q̃, more migrants will be found (in the first period) where indi-

viduals of one’s ethnic network who perform that occupation were already settled, i.e. the new

migrants’ occupation distribution will be influenced by the occupations that are more popular

among previous migrants from the same ethnicity, this it what we call the ethnic-occupation spe-

cific effect. Without that network, a migrant would be unable to find employment in that sector.

More migrants would also be found in locations where this occupation q̃ is well rewarded as the

migrant would have been unlikely to select a state where the wage in the first period would be, in

expectations, low. Finally, conditional on the migrant’s occupation in the second period (which

will be either o or q̃), migrants should be found in states where the wages for that occupation are

highest.

Assuming that the overall popularity of a location for past migrants in a given occupation

group is an acceptable proxy for the wage that a migrant can earn in that occupation14, this

simple model would suggest that we would observe the following pattern if the mechanism

we’ve described is at play:

1. Based on their ex-ante skills, migrants would select locations where many migrants of their

ethnic network (which provides with help, information and assistance during shortly after

13If the agents are too optimistic about the chances of obtaining a job in their own occupation this will imply a bias
towards picking states based on the demand for their own occupation.

14Naturally, the wage would be set by factors influencing both the supply and the demand but we’ll take labor
supply as being a good indication of the attractiveness of a location for a particular occupation

10



arrival), and of their skills have previously located (which we take as a proxy of the demand

for their set of skills).

2. In the first years in their adoptive country, however, we would find that migrants would be

located in states where many migrants of their ethnic network (and less importantly, other

previous immigrants) also share their current occupations.

3. After some time in their new country, we would find that migrants would be located in states

where their current occupation is well rewarded but not necessarily where the members of

their ethnic network practice the same one.

4. This pattern should be more marked for groups where α will be large or where the loss in

human capital associated with switching occupations may not be large.

These elements will thus be the key insights we will be looking for in the empirical sections

that follow.

3 Data Description

In order to study the dynamic role of networks in the location and occupational choices of

immigrants to the United States in the framework presented in the previous section, we need to

measure the immigrants’ “skill set” at entry and their subsequent occupational choices as well

as their location choices over time. Without detailed individual data, we collect data on gross

flows constructed with information recorded at entry or arrival to the United States, and net

flows recorded ex-post. All this information is provided by the combination of two main data

sources: the United States Census for the ex-post data and the Report of the Commissioner of

Immigration (henceforth RCI) for the information at entry to the United Sates. Data from the

United States Census is taken both from the Public Use Micro Sample (PUMS), as compiled by

Ruggles et al. (2010), and from the original published summary tables, which contain data for

the first year of each decade.15

15The summary tables include tabulations based on the full sample of each Decennial Census.
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3.1 Administrative Data from the Commissioner of Immigration

The RCI was published annually from 1899 to 1932 (except for 1931) and presented sum-

mary tables constructed using micro data from the questionnaires each immigrant coming to the

United States had to answer.16 For each year, immigrants are classified according to their eth-

nicity, self-reported occupation in the country of departure and their intended state of residence;

this information was originally taken from the individual data each of them had to report when

boarding at origin and/or when arriving to the United States.17 Many may fear that the answers

provided regarding the intended state of residence were nothing more than a random answer

provided by the migrant and not related to the migrant’s real plans. Two elements make us

believe differently. First, in some cases, the immigration authorities would purchase a train ticket

to the declared intended location and make sure the migrant was boarding the train leading to

that destination (CITE NEEDED HERE). Second, we compared cohorts arrived the year before

the Census (1909, 1919 and 1929) by their actual location and their intended location. We find

that we can explain about 40 to 45 percent of the cross year variation in the actual flow to each

destination by using the flow by intended state of residence, which, given the rate of return mi-

gration and the effort involved in matching ethnicities detailed before, we take as implying that

the intended state of residence was a meaningful information provided by the migrants.

Using the tables presented in the RCI, we can create an annual series of gross entry flows for

each ethnic group according to their intended state of residence, for each ethnic group according

to their occupation in the country of departure, and for each intended state of residence accord-

ing to their occupation in the country of departure. The three-way categorization, i.e., flows by

ethnicity and occupation for each state, is not published in the RCI. Overall, we have data avail-

able for all states and territories in the United States for all years between 1899 and 1930 and

for 1932, with a total of 75 occupation categories, grouped in 3 major categories, and 42 ethnic

16We have tried locating these tables for years 1932-1940 without success. Furthermore, while part of the micro-data
may be available at the National Archives or a similar location in paper format, it would have been prohibitively
expensive and time consuming to enter the information it contains. Hopefully, this information will be available in
the future.

17It is our understanding that there was little incentive for a migrant to misreport their answers as this had no
bearing on their acceptance to the United States, except in the case where their answers when boarding the vessel and
at the port of entry were different. It is only in the early 1920s that entry restrictions affecting most of the potential
immigrants were effectively imposed in the United States.
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groups. All the information taken from these reports is labeled as “administrative data” in the

rest of the paper and was digitized for the purpose of this paper.18

3.2 Census Data

The Decennial Census collects data every 10 years, and includes data on country of birth

and year of first arrival in the United States (until 1930). From the 1900, 1910, 1920 and 1930

Census, we obtain information on country of birth, labor market status, occupation and state of

residence for all those who are surveyed. Our main sources for the Decennial Census data are

the 1% samples, plus the 5% sample for 1900, publicly available through the Public Use Micro

Samples.19 Variables measured from any of these two sources are referred to as “Census data”

or “IPUMS data” in later sections.

We define an immigrant as anyone who reports being born outside the United States ac-

cording to the value recorded in the birthplace variable in the Census. Using this definition of

immigrant, for each Census we compute the stock of immigrants in each state and group them

according to their occupation and country of birth. Also, with the information on year of first

arrival to the US, we are able to create net flows by country of birth and actual state of residence

and occupation. In order to improve accuracy in the calculation of shares and to avoid small-cell

measurement problems, whenever possible we use the publicly available summary tables which

were constructed using the original data set of the 1900 Decennial Census.20

We want to emphasize one important difference between the administrative data and the

Census, and that is the timing of the information with respect to the moment of arrival to the

United States. In the administrative data the information on occupations is collected before

arrival, “ex-ante”, while that in the Census reflects the occupations after agents have interacted

upon and after arrival, hence we label it “ex-post”. This is also true for the state distribution.

Furthermore, while the Census data measures immigrants who have settled in the United States

18To the best of our knowledge the disaggregated data contained in the RCI has not been used before at this level
of detail.

19Available online at http://usa.ipums.org/usa/.
20The 1890 Decennial Census micro samples are not available yet. While the summary tables are available, there are

significant differences between the classification of occupations and countries of birth used in them and those used in
the samples for subsequent years.
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(or have at least stayed until the Census date), the administrative data measures entry flows and

thus could differ from the Census measures if there is return or internal migration.21

The RCI and the Census use different classifications for occupations and for the origin of the

immigrants. The RCI uses ethnic groups as classification, but the Census data records birthplace.

Also, while the large occupation groups are relatively similar, specific occupations are grouped

in different ways and some specific categories are used only by one of the two sources. In the

appendix A we present a detailed description of the matching procedure used to combine both

data sources.

3.3 Stylized Facts and Summary Statistics

The late 19th and early 20th centuries were periods of massive migration, with the U.S. and

other countries in the New World receiving significant inflows. For example at the turn of the 20th

century around 15% of the United States population was foreign born, a number that remained

very high until 1930.22 Annual gross immigration flows of more than a million people per year

are observed between 1900 and 1914, a trend that was broken with the onset of the war in

Europe. After the war, a significant recovery in the flows is observed but they decline again after

the introduction of changes in the immigration: the 1917 Immigration Act, the 1921 Emergency

Quota Act and the 1924 Johnson-Reid Act. By the end of the 1920 decade and the beginning

of the Great Depression era the gross immigration flows are small. While we can consider the

limits on migration before 1917 to be almost non-existent, they increased progressively over this

period.23 These restrictions particularly limited the entry of “unskilled” workers and favored

family reunification. Furthermore, while a majority of the immigration over this period was

European (or from countries with European ties such as Canada and Australia), an increase in

the number of Hispanics migrants was observed after 1920. One important dimension in which

21Mortality rates is another reason why these two flows could differ.
22As a reference, using data from the 2000 Census micro sample we calculate that the fraction of foreign born in the

United States lies around 11%; according to the 2007 and 2008 American Community Survey the same fraction lies
slightly above 12%.

23See O’Rourke and Williamson (1999), Hatton and Williamson (2005) and the references therein for a more detailed
description of the patterns of immigration for this period, including data for other countries besides the United States,
and of the possible causes behind the protectionist backslash. Also see Bandiera, Rasul, and Viarengo (2010) for an
analysis of the validity of the immigration and emigration data for this period based on flows recorded at Ellis Island.

14



immigrants from different countries differed was in the return and seasonality patterns; while

for some groups return migration and seasonal migration was not particularly prevalent, other

groups had important return rates, which were close to 30% for Spaniards and Italians between

1890 and 1914 (see O’Rourke and Williamson 1999).

Geographic clustering is definitely visible in this period: we find in both data sets, annual

immigrations reports and decennial Census, an extremely high level of geographical clustering

by ethnic group. States popular among immigrants today were also popular in the early 20th

century: New York, Texas, California, etc. In Table 2 we present the top 3 states and the percent-

age going to the 10 most popular states for each ethnic group included in the previous figures.

We can observe that for all groups in all periods at least 3 out of 4 immigrants went to one of the

top 10 destinations of the group; furthermore, it is also evident that there is a significant degree

of persistence in the top 3 destinations in the Census and in the administrative data although

there is no perfect coincidence between the top 3 intended states and the top 3 actual states of

residence for each of the ethnic groups. Furthermore, this appears to be fairly constant over time:

the geographical concentration of the stock of immigrants in 1900 generally reflects that of the

ex-ante decisions made by subsequent migrants as well as their ex-post decisions. Geographical

clustering appears to be larger in ex-ante than ex-post decisions, suggesting that more individuals

turn to less traditional destinations once they set foot in their country of adoption or that those

who eventually decide to stay in the United States are not necessarily those who picked the most

popular destinations. However, this difference is also decreasing with time as the last migration

cohorts of this period become more and more concentrated ex-post in the United States.24

We also document something that has often gone unnoticed in some previous studies which is

that there is also a very important occupational clustering by ethnicity. Table 3 shows the pattern

of occupational choice according to the declared occupation in the United States and according

to the occupation in the country of origin. We observe there is also high concentration, with the

10 most popular occupations for each ethnic accounting for 65% or more of the total members

of each group. While some occupations are particularly important for all immigrants (such as

24This change could be related to the modifications to the immigration laws introduced after the end of World War
I which not only reduced immigration overall but also change the composition towards skilled workers and family
reunification.
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laborers and farm laborers), there is also evidence of ethnic-specific clustering on different skills.

This specialization in a given skill set appears also to be relatively constant over time. Once

more, ex-ante occupational clustering is larger than ex-post but the difference remains more or

less constant throughout the period. When we compare the Census and the administrative data

we can observe that in this case we see that unskilled occupations such as laborers, farm laborers

and servants are among the most popular ones in both data sets. We also observe that for most

of the groups there is a certain level of agreement between the top three categories in each of

the data sets, we also see that certain occupations are more popular ex-post than ex-ante, e.g.,

miners, hotel keepers, manufacturers, etc.

Finally, the United States tend to demand different occupations in different states, leading to

geographical clustering among individuals of a given occupation. This concentration is slightly

less marked than the two previous ones as the top ten states by occupation in 1900 captured

around 70 per cent of all workers in that occupation, but it is still noticeable.

4 Empirical strategy

We explore whether we can find any evidence of the empirical regularities mentioned in

section 2 by attempting to contrast the “fit” of counterfactual distributions built using different

measures of networks to the actual ex-ante and ex-post distribution of immigrants. We are

constrained in our empirical strategy by the fact that we do not have access to micro-level data

with the individual records of migrants entering the US during this period. However, we are,

as we explained in section 3, capable of constructing flows by ethnicity (j), occupation (o), state

(s) and time (t), which we will denote as njost, measured at the moment of arrival to and after

settling in the United States.

We will approximate the (relative) strength of networks in the same way traditionally used in

the immigration literature, i.e. using the distribution by states of a given group of immigrants in a

base period. Specifically, we measure our networks mostly in 1900, and include in the regressions

only the immigration flows from 1905 to 1930 to avoid too much proximity between our flow

measure and the shares employed in the prediction. This argument is further strengthened by
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the fact that immigration had significantly dampened between 1890 and 1900 and thus that our

measure of stocks probably reflects the location choices of immigrants who arrived mostly before

1890.25 Clearly, these measures could also capture something else than networks: Scandinavians

migrants may all select the same type of state not because they like living together but because

the climate of some parts of the United States is more similar to their own. However, most of

these alternative explanations would not generate the change in patterns will we demonstrate

across ex-ante and ex-post data sources. Thus, our empirical exercise will consist in displaying a

pattern similar to the one suggested by the framework and not by alternative hypotheses, not in

necessarily interpreting all coefficients found as valid estimates of “network effects”. Finally, our

interest will lie more in the comparison of various proxies for networks than in the significance or

magnitude of a given coefficient. If all proxies suffer from the same bias, the comparison would

still be valid.

In order to control for other factors such as a particular match between an ethnicity and a

state (because of a particular endowment of natural resources for example), we include a number

of fixed effects to attempt to capture this and other elements.

The framework presented in section 2 suggests an empirical regression of the following type:

njost = αAjsnjot + βBosnjot + γCjosnjot + µjos + νjot + ωjst + ηost + ε jost (2)

where n represents the immigrant flow and the shares A, B and C represent different ways of

allocating the national flow njot to different states, related to distinct types of networks.

Specifically, we define

Ajs ≡
(

Njs

Nj

)
(3a)

Bos ≡
(

Nos

No

)
(3b)

Cjos ≡
(

Njos

Njo

)
(3c)

where N represents the stock of immigrants with certain characteristics already in the United

25To the best of our knowledge there is no available digitalized sample from the 1890 US Census.
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States. Thus, Ajs refers to the share of individuals from one’s ethnic group who elected to live

in state s in the past. The second share, Bos refers to the geographical distribution of immigrants

who share one’s occupation. Finally, Cjos represents the share of individuals from the same

ethnicity and the same occupation who lived in a particular state in the past. We will refer to A

as measuring an ethnic effect, to B as a labor/occupational effect and to C as an ethnic-specific

occupational component. 26

The regression equation includes fixed effects for all triple interactions between ethnicity,

occupation, state and time. This allows to control for all possible confounding effects that are

affecting the immigration rates of a particular sub-group or the overall effects in a particular

state. We have used fewer fixed effects and the results are similar. Also, the standard errors

are clustered by ethnicity-occupation-state cells although very similar results were obtained with

much more aggressive clustering.

Intuitively, this regression attempts to test whether a state has a differential growth in a

particular occupation between two different ethnic groups compared to a different state for one

of the three following reasons. Is it because that state was popular for a particular ethnic group

and that ethnic group has a growth in the number of people of that occupation coming from

that ethnic group? Or because that state was popular for a particular occupation and there’s

now an increase among that ethnic group of that occupation? Or because that state was popular

for individuals of that ethnic group and that occupation and there’s a growth in the number of

individuals that satisfy both categories? Each one of the three components defined in equation

(3) attempt to capture each one of these reasons separately, thus enabling us to compare them

with the actual observed distributions.

The theoretical framework presented in section 2 would suggest that when s represents the

intended state of residence and o the skills with which an individual arrives in the United States,

we should obtain estimates of α and β to be positive and significant while γ should not be. On

the other hand, when s represents the actual state of residence and o the occupation in which an

26One could be worried about the potential collinearity between these three proxies. In order to verify that the
results are not corrupted by this problem, specifications where the ethnic share was built excluding individuals of the
same occupation and the occupation share was built excluding individuals of the same ethnicity were also run and
the results are qualitatively and quantitatively very similar.
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immigrant is working in the United States, one would expect to find the parameter γ to be large

and significant with little importance of either α or β, and that the magnitude of the estimated

coefficient should be smaller when we consider the case of immigrants that have spent more time

in the United States.

Unfortunately, njost is only measured ex-post in our data, that is where s represents the actual

state of residence and o one’s occupation in the United States. While we will run this regression,

it will not provide us with the ex-ante, ex-post comparison we desire. Because the flows nost

and njst are observed both ex-ante and ex-post, it will be useful to estimate a simpler version of

equation (2) by summing over all ethnicities/occupations in a given cell. Denoting the variable

over which one is actually summing by k′ and the other by k, where k, k′ = j, o, one obtains

nkst = α ∑
k′

Ajsnjot + β ∑
k′

Bosnjot + γ ∑
k′

Cjosnjot + µks + νkt + ωst + εkst (4)

where the left-hand side variable nkst represents the flow of immigrants arriving in period t,

either intending on residing or living in state s, depending on whether we use the administrative

or the census data, respectively, and from ethnicity (when k = j) or occupation (when k = o).

Regression equation (4) again contrasts the strength of the three different networks and it does

so by comparing the correlation between the predicted distributions across states of individuals

of characteristic k to the actual distribution observed in the data. Exactly as before the variables

A, B and C are our measures of the strength of the pure ethnic, the occupation/labor market,

and the ethnic-occupation specific networks, respectively.

In this case, all the double-interactions between characteristic k, time t and state s are included

and standard errors are clustered at the ks level. We will estimate these equations using only

cells where k = j and where k = o separately as well as jointly. In the latter case, the estimation

constrains the parameters α, β and γ to be the same but allows for a more efficient estimation as

the parameters ωst are common to both sets of regressions and thus estimated using more data

points.

One limit to the last regression equation is that the network measure C can only be obtained

from one data source (IPUMS) because we require information on the distribution according to
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the jos cells over time. To verify that this is not driving our results, another simplification can be

made and the following equation is estimated:

nkst = α ∑
k′

(
Ajs

)
njot + β ∑

k′
(Bos) njot + µks + νkt + ωst + εkst (5)

once more for k = j, o. In this regression equation, we simply exclude the role of ethnic-

occupation network. The impact of these will be bundled up with that of ethnic effects (in

Ajs) or occupational factors(in Bos). While the results obtained here are less informative, they

give us an opportunity of verifying the robustness of our results to the use of different measures

of networks.

The above regression includes a full set of fixed effects to control for any ethnic/occupation-

state, ethnic/occupation-time and state-time confounding factors. However, we also used a

smaller set of fixed effects and found similar results. The standard errors are clustered by ks

but similar results were obtained when clustering by state only. All regressions are un-weighted.

Note that because the mean and standard deviations of our predicted flows measures are all

roughly similar, we can simply compare the coefficients to understand the relative strength of

the match from each of the counterfactual distributions.

5 Results

5.1 Ethnic vs. Labor networks

We first begin our empirical exploration by contrasting the role of Ajs and Bos as presented in

equation (5). This strategy, although less informative in terms of the factors driving the location

and occupational choices of migrants, has the advantage of allowing us to compare the results

across a variety of alternative proxies for the relative strength of networks, which we will be

unable to do for the rest of the analysis.

The results of this strategy are presented in Table 4 when estimating the flow of immigrants

selecting a particular state and of a given ethnic group (in Panel A) and occupation (in Panel
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B).27

In the first three columns, we attempt to explain the ex-ante location choices (as measured in

the administrative data) while the last three use as the left-hand side variable ex-post decisions

from IPUMS. The measures of predicted flows are constructed by allocating, using the two types

of shares as detailed in equation (5), the national flow (nkt) from the administrative data in the

first three columns and the national flow as measured from the IPUMS in the last three. Finally,

columns also differ by how the network measures are computed. In columns (1) and (4) we report

results using the average share of individuals with a characteristic k or k′ who declare state s as

their intended state of residence for the first 6 years of the administrative data, that is from 1899

to 1904. In columns (2) and (5) we use the published Census summary tables to compute the

number of individuals from a given ethnicity or from a given occupation residing in each state

in 1900. This has the advantage of offering large sample sizes and reducing the probability of

small sample bias. On the other hand, it also assumes that immigrants who are active in a given

set of occupations are locating in the same states as their natives counterpart, because we do not

have summary tables with employment levels by state and birthplace. Finally, Columns (3) and

(6) compute the share of immigrants living in a particular state from a given ethnic group or a

given occupation in the 1900 Census Public Use Micro-Sample (IPUMS).

The first three columns of Table 4 indicate that when trying to explain the ex-ante “intended”

location decisions of migrants, the presence of individuals of their own ethnic group is particu-

larly important. When we attempt to match the distribution of immigrants by ethnicity, we find

that the past location of immigrants by occupation also contribute to increase the match with

the actual distribution, although the magnitudes of the coefficient on the ethnic component are

always larger than those on the occupational element.

On the other hand, when we explore the factors behind the ex-post location decisions of

individuals in the IPUMS, we find quite a distinct pattern, as observed in the last three columns

of Table 4. In this case, the importance of having individuals of one’s occupation who previously

27These tables include all individuals who report an occupation but very similar results were obtained when all
individuals, including those reporting no occupation, were incorporated in the sample. Results that also include
individuals without an occupation in the sample are available upon request from the authors. Similarly, in these
regressions a period t corresponds to a 5-year period, with no overlap between two consecutive periods; we also
explored the same specification using annual variation and obtained similar results.
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located in that state becomes much more important and that of ethnic networks is reduced in

both panels.

These results would thus suggest that when one attempts to explain why a particular state

now has a larger set of individuals with a given set of skills claiming to be heading there, the fact

that this state was particularly attractive to individuals with those skills in the past and that more

of them are now landing in the United States is of little relevance. Instead, our results suggest

that it is because a larger number of individuals with those particular sets of skills are coming

from ethnic groups that had a large fraction of their previous migrants already living in that

given state by 1900.28 On the other hand, the increase in the number of immigrants performing

a particular occupation in a particular state ex-post appears to be driven by the fact that more

immigrants from that occupation are now within the United States and this particular state was

attractive to that occupation in the past. We find little evidence that this is linked to the fact that

this state was attractive to a given ethnic group in the past and that this ethnic group now has

more individuals reporting working as that occupation after their arrival.

The results appear to be fairly robust across the shares as measured from the IPUMS or the

Census tables, even if the occupational distributions from the Census table include all individuals

in the United States, natives or immigrants. The counterfactual distributions built with shares

from the administrative data appear to be more weakly related to the actual flows than the ones

built from Census (table or micro-sample) data. This is comforting because it indicates that

immigrants were less likely to follow the location decisions of recent migrants (as measured by

flows) than the ones of established migrants (as measured by stock). This would suggest that our

results are unlikely to be driven by contemporary shocks since in that case, one would expect the

flows to have a higher predictive power than the stocks. Furthermore, this is consistent with the

empirical results of Beaman (2011).

We also confirmed that the effect we find is not simply driven by similar patterns among

immigrants, regardless of their ethnicity. First, all regressions include fixed effects for the in-

28Notice that our fixed effects allows us to remove the variation that comes from permanent characteristics that
create an intrinsic match between states and occupations or ethnicities. For example, we rule out that our results are
driven by a state having during all this period a dominant industry that offers a perfect match for a country of origin
that happens to have the same dominant industry.
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teraction of state and time, thus capturing all characteristics specific to a particular location at a

given moment. A more stringent robustness test is provide in Table 5, where we add as additional

regressors, the counterfactual distribution one would obtain by allocating each period’s flow us-

ing similar ethnicities. Specifically, we include all ethnicities within a broader ethnic group as

defined in Table A-2 except one’s own. For example, Irish immigrants are allocated using the ge-

ographical distribution from 1900 IPUMS of other British Isles, Australia and Canada. In almost

no case are these variables entering significantly in the regression equation and in all cases, the

main results remain extremely similar. The results are fairly similar across samples and suggest

that it is the location choices of one’s particular ethnicity which influences locations decisions

and not that of fairly close ethnic groups.

5.2 More Disaggregated Measures of Networks

Having shown in the previous section that the results are more or less robust to the way the

shares are constructed, we now turn to the estimation of the impact of our three distinct proxies

of networks: ethnic, occupational and ethnic-specific occupational networks. In this case, all

shares will be computed from the IPUMS as this is the only source that allows us to include the

third factor.

Table 6 presents our baseline results for four distinct samples. The first three panels corre-

spond to the results of estimating equation (4) for the location choice of individuals by ethnicity

(when k = j), by occupation (when k = o) and jointly (when k = j, o). Finally, panel D shows the

results of estimating equation (2). This table presents once more the regressions where ex-ante

decisions are explored in the first two columns and those about ex-post decisions are in the fol-

lowing two. Since the flow by ethnicity, occupation and state is only available in the IPUMS data,

the last panel only includes results about ex-post location decisions.

The results from column (1) are remarkably similar across samples and all emphasize that the

key factor driving the ex-ante location decisions of individuals lies in the presence of individuals

in 1900 that were of the same ethnicity than the newly arrived migrants. Allocating newly arrived

migrants based on the past distribution of their occupation appears to only contribute to match
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the actual distribution by ethnicity, but not by occupation or in the joint estimation. Finally, in all

regressions, the ethnic-specific occupational factor is small and insignificant.

Our theoretical framework suggests that while an individual would pick ex-ante a location

based on the presence of an ethnic network, that location would be particularly attractive to

her when the occupations within this network are more similar to hers. This is explored in

column (2) where an interaction term is added which captures the absolute difference between

the average occupational score of the network and that of the occupation of the migrant. As is

expected, this is negative in all specifications and significantly so in the first panel, suggesting

that while individuals select ex-ante locations based on the presence of a network of individuals

of their ethnicity, they are particularly likely to pick one where the occupations of that network

are similar to theirs (although not identical).

The pattern is strikingly different in columns (3) and (4) where the ex-post distributions

are explored. The role of the ethnic factors disappears in this case and turns negative in all

regressions. The counterfactual distributions based on the past location choices of immigrants

of one’s ethnicity are if anything negatively related to the actual distribution, conditional on

the other two counterfactual distributions we constructed. The results presented in this table

emphasize that the ex-post distributions appear to be much more closely correlated with our

predicted flows based on occupational factors and more specifically, on the past location choices

of immigrants sharing one’s ethnicity and one’s occupation.

Taken together, these results suggest that an increase in the number of individuals that intend

to reside in a particular state, compared to the average for all states, is due mostly to the fact that

this state was attractive in the past to ethnicities which are now receiving larger national flows.

At the same, the results also imply that if we observe an increase in the number of migrants

actually practicing a given occupation in a particular state, compared to the average for all states,

this is due mostly to that state being popular in the past among individuals who practiced

that occupation and who were of ethnicities that are currently experiencing larger flows. The

magnitudes of the coefficients should be interpreted as follows. Taking the example of Italian

bakers, these results would suggest that a state which had received 10 percent more immigrants

of that ethnic group (irrespective of their occupation) in the past would attract 12 percent more
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immigrants of those newly arrived immigrants ex-ante. However, it is in a state where one found,

in 1900, 10 percent more Italian bakers that one would eventually find 6-11 percent more of these

immigrants ex-post, i.e. after they have settled in the United States.

Robustness Checks. We explore the robustness of these results in various ways. We first es-

timate these regressions for each of our nine broader ethnic categories separately. While the

results are fairly noisy, they do not indicate that one ethnic group is driving the results more

than another. Table 7 further explores whether the results depend on the sample over which

these estimates are obtained. One may first be worried that our results may be sensitive to prob-

lems related to small cells. Columns (1) and (4) thus restrict the sample to groups whose national

flows over the period were above the median. In Panel A, this corresponds to ethnicities with

large inflows, in Panel B, to occupations with large inflows, and in the last panel, to ethnicities

and occupations that were observed in large numbers (ex-post). The results from these regres-

sions are extremely similar to the ones presented in the previous table, suggesting that our main

empirical conclusions are not driven by small cells. Although not presented, we find that for

small ethnicities, occupational groups are more relevant in driving the location choices and for

rare occupations, ethnic networks appear to matter more. This is logical if one needs a network

of a significant size to be able to derive any benefits from it or if the returns to a network are

increasing with its size.

One could also be worried that after the introduction of limits on immigration, migrants

may have had more of an incentive to provide false information to the immigration officer at

arrival, thus contaminating our ex-ante measures. Furthermore, migrants arriving after the 1921

Act were more skilled and more likely to come for the purpose of family reunification, thus

potentially explaining the importance of ethnic networks in that group. Columns (2) and (4)

verify whether these concerns are founded by limiting the sample to immigrants arriving before

1920, that is before any immigration restrictions were imposed. Once more, these results are

extremely similar to those presented in Table 6.

Finally, the state of New York was the largest recipient of immigrants and, given that our

estimating equation is in levels and not in a logarithmic form, one could be worried that this
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particular state is driving our results. The results presented in columns (3) and (6) find little

indication of this: excluding this particular state has very limited impact on the overall results.

6 Exploring the difference between ex-ante and ex-post decisions

The previous section explored the factors influencing ex-ante and ex-post location decisions

of immigrants to the United States in the first three decades of the twentieth century. We find

striking differences between the factors that are determining location decisions at their arrival

in the United States and once they have settled. In the first case, ethnic networks and labor

market effects appear to drive the ex-ante location decisions of immigrants. Ex-post, however,

we find a very important role to be played by the presence of individuals of the same ethnicity

and occupation, which we interpret as evidence of the role played by ethnic networks in the

incorporation of immigrants to the local labor markets.

In the theoretical framework presented in section 2 we suggest that this result is compatible

with newly arrived immigrants taking on the same occupations of individuals in their ethnic

networks at their arrival because they are more likely to receive job offers, or to obtain referrals

for positions, through them. In this sense, networks among immigrants become a tool to smooth

the transition into the new labor market.

6.1 Differences Across Occupations and Ethnicities

If our hypothesis that networks are the reason behind this pattern is correct, then, as we

explained in our motivating framework, we should be able to find some additional evidence

consistent with it. For example, networks are more likely to play an important role among indi-

viduals who arrive in the United States with low levels of skills.29 A doctor is much less likely to

change his occupation than a general laborer, for example. Furthermore, higher-skilled individ-

uals may only offer a low chance of referrals in the same area of specialization. This hypothesis

is explored in the first two columns of Table 8 where we divide the sample between occupations

29Hellerstein, McInerney, and Neumark (2008) use matched employer-employee data and find that networks gen-
erated by residential proximity are relatively more important for minorities and less-skilled workers, particularly
Hispanics.
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that had an occupational score (based on the average wage in 1950) above or below the median,

which we take to be a proxy for the skill level of the occupation. On the one hand, for highly

paid occupations, ex-ante decisions are very closely related to the presence of an ethnic network

but the ex-post decisions are driven by pure labor market considerations.30 On the other hand,

individuals of lower paid occupations display the reliance on one’s ethnic-specific occupational

network as presented above. Although not shown here, very similar results were obtained if

one divides the occupations based on the RCI classification of occupations into “professionals”,

“skilled” and “unskilled”. In that case, it is for individuals with occupations identified as “un-

skilled” that the pattern shown above is particularly marked, with both skilled tradesmen and,

particularly, professionals relying ex-post more heavily on labor market considerations.

Columns (3) and (4) of Table 8 explore another distinction between occupations. We at-

tempted to classify occupations based on whether their main product is a tradable or a non-

tradable (see Table A-1 for which occupations were placed into each group). This is naturally

a very gross matching as some occupations may produce a variety of goods, some which are

traded and some that are not, depending on the industry in which they perform. Neverthe-

less, we would expect that the use of one’s ethnic network as a transition tool may be much

more likely to occur in the case of occupations where the output is traded, as the wage of these

individuals would be less likely to be affected by the number of individuals performing that

occupation in a given location. Referrals, for these individuals, would thus be less “costly”. Col-

umn (3) clearly shows that the pattern we identified above is particularly visible for occupations

producing traded products. Column (4) show that ex-post decisions of individuals working in

“non-traded” sectors are more influenced by labor market concerns than by the presence of in-

dividuals sharing both one’s ethnicity and occupation. Somewhat surprisingly, however, ex-ante

decisions among that group appear to be somewhat correlated with the presence of an ethnic-

specific occupational network. The difference in the coefficients between the two columns is

significant at 10% level in Panel B and at 1% in Panel A.

Furthermore, learning about local labor markets might be particularly important for individ-

30The coefficients of interest are statistically different for both groups at 5% for Panel A (although not for any
coefficient separately) and at 10% for Panel B.
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uals who do not speak the same language as US natives. The first columns of 9 explore this

issue by separating ethnic groups between those who spoke English (British Isles, Canada and

Australia) and those who did not. The first group has limited variation that can be exploited

and the results are much noisier in that case. Nevertheless, it seems that the pattern we iden-

tified in the overall sample is most closely related to that of non-English speaking individuals.

English-speaking ethnicities do rely on the ethnic-specific occupational networks but they appear

to do so consistently both at arrival and once settled, which is what would be expected if there

is no learning involved in their adaptation process. The hypothesis of equal coefficients for both

groups is not rejected in the ex-ante data but clearly rejected in the ex-post regressions.

6.2 Time since arrival

Our framework does suggest that if the lack of credentials or verifiable experience was one

of the reasons why ethnic networks were important, then ethnic-specific occupational networks

should become less relevant (i.e. reduce their correlation with the observed location and occupa-

tion choices) as immigrants stay for a longer time in their new country. Thus for a given cohort of

immigrants the estimated effect of the ethnic-specific occupation network should be decreasing

in the time since arrival to the United States.

The last two columns of Tables 8 and 9 explore this issue. The difference between ex-ante

and ex-post decisions is particularly marked for individuals who have just arrived in the United

States. It is for that group that we observe a very strong preference for electing a state of in-

tended residence based on ethnicity and labor market considerations but a very strong preference

for eventually residing in a state where individuals who share one’s occupation and ethnicity

can be found. For more established immigrants, we find a different pattern where all factors

appear to determine almost equally ex-ante decisions but ex-post decisions depend much more

on factors related to labor markets, although not particularly the ones related to one’s ethnicity.

An extremely similar pattern (if only maybe more marked) can be found in the corresponding

columns of Table 8. The fact that the ex-ante decisions appear to be driven by similar factors is re-

assuring, suggesting that this is not because these two groups were somehow different at entry.31

31The hypothesis of equal coefficients cannot be rejected for either sets of parameters because of the noisiness of
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Furthermore, we have repeated this exercise adding data for the groups with even longer stays

and found similar results to the ones we present; the effect of the ethnic-occupation network is

diminished as the migrants spend more time in the United States, while the other two, the pure

ethnic and the labor market effects, are strengthened.32

6.3 Alternative Channels

Two other factors could explain the difference between ex-ante and ex-post decisions. First, it

may be that individuals without a group of past migrants sharing their ethnicity and occupation

are more likely to leave the United States. As we discussed before, this is a period where return

migration was a fairly important phenomena and thus could explain the patterns we observe.

Since our measure of ex-ante flows include all immigrant entries into the United States but our

ex-post measure involves only those who eventually stay, the difference in our results could

be driven by selective return migration. In order to evaluate this alternative hypothesis, the

first two columns of Table 9 estimate the same regressions but dividing the sample between

ethnicities with high and low levels of return migration. We define a group as high return

migration if the national (gross) flow of immigrants over the entire period of analysis obtained

from the administrative data is, in percentage term, above the median compared to the net flow

obtained from the Census data.33 The results presented in Table 9 do not, however, suggest

that the location choices of these two groups are extremely different. In both cases, the ex-ante

distribution appears to be best approximated when the national flow is allocated according to

the presence of individuals of one’s ethnic group while the ex-post distribution appears to be

best approximated when using the ethnic-specific occupational networks.34 This does not seem

to suggest that the selective return migration can explain the patterns we have highlighted above.

Also, the importance of the pure labor markets do appear to be more important for groups

that have low levels of return migration, particularly for the ex-ante distribution, which is con-

some results. However, the test statistic is much larger for ex-post regressions than ex-ante ones.
32Results are available upon request.
33This definition is in agreement with Bandiera, Rasul, and Viarengo’s (2010) assessment of the emigration patterns

for this period. However, we also conducted the same analysis using the emigration flows from the administrative
data to classify the ethnicities into the high and low return groups, and we obtained similar results.

34The equality of coefficients can be rejected in Panel A because of the difference in the second and third coefficient;
however, we cannot reject equality of the coefficients in Panel B.
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sistent with our framework. When individuals are forecasting staying in their new location for a

long period of time, the quality of the labor market for their skills becomes more crucial.

Secondly, it may also be that individuals first locate (or say they will locate) based on general

considerations but then relocate within the United States to a location where they have someone

from their ethnic group who also share their occupation. The difference in the pattern observed

would then not be driven by the fact that immigrants change their occupation in response to the

composition of their networks but rather that they re-optimize their location decision to bring

themselves closer to a network that can provide them with referrals in their given occupation,

for example. To explore this, the ideal data would have included information regarding internal

migration, as the one currently compiled by the Census. Unfortunately, for this period, no ques-

tion on whether an individual has moved recently is available. However, the results presented

above suggest that the pattern we observe is particularly strong for individuals recently arrived

to the United States. If internal migration is an important explanation between the phenomena

we just described, we would expect that individuals who have been in the United States for a

longer time period would have had more time to re-optimize and thus that they would be the

ones whose decisions would look more different than the ones at arrival. The opposite, however,

seems to be found in the results we present. Thus, internal migration would only explain this

pattern if individuals, at their arrival to the United States, moved temporarily to a location where

their ethnic-specific occupational network is more important to then return to one where their

skills are more valued later on.

Finally, we can further explore the role of internal migration by exploring the differences

between IPUMS and administrative data. The major difference between a change in occupation

and a change in the state of residence is that the former potentially affect the national flow being

allocated (njot) in our estimating equations while the latter does not. Thus, if immigrants were

mostly changing their state of residence but not their occupation in response to the presence

of networks, the results of regressions where we attempt to predict the ex-post distribution by

allocating the ex-ante national flows and vice versa should be identical. This is because the

national flow njot should be the same when measured in the administrative data than in the

Census data if individuals do not change their occupation upon arrival. Thus, the same pattern
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should be observed when estimating equations (4) or (5) whether or not the right-hand side

variable is built using administrative or Census data. The result of this exercise is presented in

Table 10. Each panel again represents one of our sample. In the first column, the left-hand side

variable is measured ex-ante from the administrative data but the predicted flows are built using

the national flows from the IPUMS dataset. The reverse is true in column (2). The results of that

table are very different from those presented in Table 6. In the first column, that is when trying

to match the distribution by intended state of residence using the ex-post national flow, we see

that the importance of the ethnic component remains. This is not surprising since the change

in occupation would not influence this result. However, in the second column, the results are

very different from what was observed previously. In this case, the importance of ethnic-specific

occupational factors are always absent. This is again logical if people of a given ethnicity change

occupation which generates a different national flow njot to be allocated.35

7 Conclusions

We have thus presented, through various methods, evidence regarding the role played by

networks and labor market characteristics in the determination of the location and occupation

choices of immigrants in the United States in the first three decades of the twentieth century. We

have shown empirical evidence consistent with the hypothesis that the presence of individuals of

one’s ethnicity, but not necessarily in the same occupation, is strongly influential in the intended

location reported by an immigrant at her arrival in the United States. However, the actual location

and occupation choices appear to be driven much more by considerations linked to the labor

markets, in particular to the presence of individuals of one’s ethnicity who also share one’s

occupation, a measure that we call ethnic-specific occupation network. We have also shown

suggestive evidence that the reason behind this change in behavior lies in the fact that unskilled

immigrants are likely to change their occupation once they arrive into the United States to benefit

from the labor market connections of their ethnic networks.
35If the change in occupation was not a real change in occupation but rather a simple error in the matching of occu-

pations, we would expect that this error of matching be independent of our proxies of networks, thus not generating
the patterns highlighted above.
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The findings in this paper help us understand the role networks play in the location choice

of immigrants. While most studies have looked separately at location or occupation choices,

our study combines both decisions and seems to suggest important interactions between the two

choices. It also emphasizes the dynamic aspect of the process as immigrants spend more time in

their destination country, a fact that has not been carefully documented before. It even seems to

indicate that ethnic networks are particularly useful as a smoothing mechanism for newly arrived

immigrants and are not something that migrants need to permanently rely upon.

These conclusions might also be relevant in shaping optimal immigration policy. If immi-

grants of different skill levels select their location and occupation in their new country using

networks differently, this has implications for the impact that these immigrants can have on na-

tive and previous migrant workers. Understanding the mechanics of the effects and its connec-

tion to immigrant geographical and occupational concentration can thus shed light on potential

measures aimed at improving immigrants incorporation into labor markets and to benefit native

population.

While our specific data allows us to look at a historical period, our results might be relevant

for today’s immigration debate. The immigration wave of the early 20th century resembles that

of today in some important aspects: migrants were less skilled than natives (or at least were

perceived to be less skilled), they were perceived to be culturally different than the remainder of

the population, and their arrival generated controversy over their potential adverse effects. More

importantly for our results and analysis, immigrants today also share ethnic and occupational

networks as defined in this paper. Whether the patterns we have highlighted here are also present

in the current migration wave is a subject of future research.
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Figure 1. An example: Flows ex-ante and ex-post for Bohemian immigrants in Ohio
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Table 1. An example: Changes from 1910 to 1915 for a given state

Italian bakers Italian carpenters
Ex-ante Ex-post Ex-ante Ex-post

Change in national totals 100 150 100 50

Predicted state change according to. . .
Ethnicity 10 15 10 5
Occupation 20 30 5 2.5
Ethnicity-occupation 30 45 2 1
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Table 4. Explaining changes in location choices of immigrants (excluding individuals with no
occupation)

From administrative data From IPUMS data
Admin Census IPUMS Admin Census IPUMS

(1) (2) (3) (4) (5) (6)

Panel A: By ethnicity (N=7140)

Pred. flow by ethnicity 0.623*** 0.916*** 0.838*** 0.273* 0.590*** 0.539***
(0.085) (0.048) (0.089) (0.108) (0.076) (0.098)

Pred. flow by occupation 0.390** 0.641*** 0.537*** 0.540*** 0.794*** 0.626**
(0.130) (0.132) (0.127) (0.146) (0.229) (0.192)

R-square 0.963 0.947 0.936 0.907 0.929 0.930

Panel B: By occupation (N=15810)

Pred. flow by ethnicity 0.549*** 1.124*** 1.163*** 0.121 0.437*** 0.102
(0.150) (0.170) (0.238) (0.108) (0.092) (0.104)

Pred. flow by occupation 0.344* 0.109 -0.166 0.564** 0.835*** 0.918***
(0.150) (0.141) (0.226) (0.185) (0.174) (0.141)

R-square 0.969 0.937 0.930 0.931 0.944 0.960
The left-hand side variable of the regressions presented in this table is the flow of immigrants
from a particular ethnicity/occupation electing a particular state in a particular period of migra-
tion and the right-hand side variables are predicted flows as detailed in the left-hand column.
Actual and predicted flows are measured from the administrative data (ex-ante) in the first
three columns but from the IPUMS (ex-post) in the last three. In columns (1) and (4), these
predicted flows are built using location shares from the administrative data, in columns (2) and
(5), from the 1900 Census tables and in columns (3) and (6), from the 1900 IPUMS. All regres-
sions include fixed effects for the double interactions of state, ethnicity/occupation and period
of immigration.
Standard errors are clustered at the group-state level.
*: 5% significance, **: 1% significance, ***: 0.1% significance
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Table 5. Robustness checks: using close ethnic groups as an alternative

From administrative data From IPUMS data
Admin Census IPUMS Admin Census IPUMS

(1) (2) (3) (4) (5) (6)

Panel A: By ethnicity (N=6885)

Pred. flow by ethnicity 0.625*** 0.898*** 0.839*** 0.274* 0.577*** 0.536***
(0.086) (0.057) (0.088) (0.110) (0.075) (0.097)

Pred. flow by occupation 0.378** 0.604*** 0.506*** 0.522** 0.775** 0.620**
(0.133) (0.131) (0.123) (0.166) (0.253) (0.215)

Pred. flow by close eth. grp 0.015 0.078 0.025 0.035 0.059 0.018
(0.008) (0.050) (0.052) (0.051) (0.040) (0.052)

R-square 0.964 0.949 0.937 0.909 0.930 0.930

Panel B: By occupation (N=15810)

Pred. flow by ethnicity 0.541*** 1.063*** 1.309*** 0.110 0.370*** 0.120
(0.150) (0.163) (0.234) (0.100) (0.086) (0.092)

Pred. flow by occupation 0.324* 0.116 -0.124 0.501** 0.813*** 0.983***
(0.139) (0.139) (0.227) (0.184) (0.180) (0.119)

Pred. flow by close eth. grp 0.034 0.083 -0.223* 0.122* 0.159 -0.136
(0.029) (0.090) (0.099) (0.051) (0.111) (0.095)

R-square 0.969 0.937 0.933 0.933 0.946 0.962
The left-hand side variable of the regressions presented in this table is the flow of immigrants
from a particular ethnicity (Panels A) or a particular occupation (Panels C) electing a particular
state in a particular period of migration and the right-hand side variables are predicted flows as
detailed by the list. Actual and predicted flows are measured from the administrative data (ex-
ante) in the first three columns but from the IPUMS (ex-post) in the last three. In columns (1)
and (4), predicted flows are built using location shares from the administrative data, in columns
(2) and (5), from the 1900 Census tables and in columns (3) and (6), from the 1900 IPUMS. All
regressions include fixed effects for the double interactions of state, ethnicity/occupation and
period of immigration.
Standard errors are clustered at the group-state level.
*: 5% significance, **: 1% significance, ***: 0.1% significance
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Table 6. Explaining changes in location choices of immigrants, networks more finely defined

From administrative data From IPUMS data

(1) (2) (3) (4)

Panel A: By ethnicity (N=7140)
Pred. flow by ethnicity 1.226*** 2.541*** -0.609** -0.782**

(0.174) (0.381) (0.231) (0.275)
Pred. flow by ethnicity*occ. score diff. -0.097*** 0.023

(0.028) (0.014)
Pred. flow by occupation 0.613*** 0.615*** 0.275*** 0.278***

(0.165) (0.152) (0.072) (0.072)
Pred. flow by ethn.-occupation -0.225 -0.264 1.346*** 1.338***

(0.148) (0.139) (0.240) (0.239)
R-square 0.929 0.938 0.953 0.953

Panel B: By occupation (N=15810)
Pred. flow by ethnicity 1.193*** 1.409*** -0.182 -0.196

(0.245) (0.217) (0.103) (0.125)
Pred. flow by ethnicity*occ. score diff. -0.012 0.002

(0.014) (0.006)
Pred. flow by occupation -0.072 -0.076 0.561*** 0.561***

(0.155) (0.155) (0.099) (0.100)
Pred. flow by ethn.-occupation -0.104 -0.143 0.536*** 0.636***

(0.120) (0.103) (0.115) (0.116)
R-square 0.937 0.939 0.966 0.966

Panel C: Joint estimation (N=22950)
Pred. flow by ethnicity 1.249*** 1.682*** -0.236 -0.315

(0.210) (0.270) (0.145) (0.193)
Pred. flow by ethnicity*occ. score diff. -0.026 0.011

(0.018) (0.008)
Pred. flow by occupation 0.136 0.129 0.323*** 0.323***

(0.118) (0.116) (0.061) (0.062)
Pred. flow by ethn.-occupation -0.179 -0.249* 0.839*** 0.836***

(0.139) (0.103) (0.126) (0.127)
R-square 0.924 0.927 0.954 0.954

Panel D: By ethnicity and occupation (N=442680)
Pred. flow by ethnicity -0.212 -0.200

(0.116) (0.125)
Pred. flow by ethnicity*occ. score diff. -0.002

(0.007)
Pred. flow by occupation 0.159* 0.159*

(0.065) (0.065)
Pred. flow by ethn.-occupation 0.891*** 0.891***

(0.101) (0.101)
R-square 0.747 0.745
The left-hand side variable of the regressions presented in this table is the flow of immigrants from a particular
ethnicity/occupation electing a particular state in a particular period of migration and the right hand side variables
are predicted flows constructed as detailed by the left-hand column using shares from 1900 IPUMS. Actual and
predicted flows are measured from the administrative data (first two columns) and from IPUMS (last two). All
regressions include fixed effects for the double interactions of state, group and period of immigration for the first
three panels and for all triple interactions of state, ethnicity, occupation and period of immigration for panel D.
Standard errors are clustered at the group-state level.
*: 5% significance, **: 1% significance, ***: 0.1% significance
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Table 7. Robustness checks: networks more finely defined

From administrative data From IPUMS data
Large Bef. 1920 Excl. NY Large Bef. 1920 Excl. NY

(1) (2) (3) (4) (5) (6)

Panel A: By ethnicity
Pred. flow by ethnicity 1.195*** 1.188*** 0.948*** -0.645** -0.484* -0.529*

(0.178) (0.206) (0.220) (0.228) (0.250) (0.246)
Pred. flow by occupation 0.651*** 0.740*** 0.461*** 0.254** 0.295*** 0.290***

(0.173) (0.221) (0.139) (0.077) (0.079) (0.074)
Pred. flow by ethn.-occupation -0.231 -0.236 -0.237 1.409*** 1.218*** 1.255***

(0.138) (0.181) (0.128) (0.242) (0.250) (0.255)
R-square 0.938 0.939 0.846 0.958 0.965 0.927
N 3570 4284 7000 3570 4284 7000

Panel B: By occupation
Pred. flow by ethnicity 1.185*** 1.200*** 1.525*** -0.178 -0.181 -0.032

(0.244) (0.279) (0.252) (0.102) (0.110) (0.081)
Pred. flow by occupation -0.070 -0.053 -0.225 0.557*** 0.451*** 0.407***

(0.154) (0.195) (0.138) (0.099) (0.123) (0.093)
Pred. flow by ethn.-occupation -0.103 -0.093 -0.209 0.535*** 0.664*** 0.627***

(0.117) (0.140) (0.112) (0.115) (0.139) (0.102)
R-square 0.938 0.951 0.920 0.967 0.974 0.954
N 7905 9486 15500 7905 9486 15500

Panel C: By ethnicity and occupation
Pred. flow by ethnicity -0.215 -0.278* -0.265*

(0.118) (0.121) (0.131)
Pred. flow by occupation 0.157* 0.110 0.214***

(0.065) (0.067) (0.070)
Pred. flow by ethn.-occupation 0.894*** 0.971*** 0.902***

(0.101) (0.104) (0.123)
R-square 0.746 0.744 0.658
N 244290 265608 434000
The left-hand side variable of the regressions presented in this table is the flow of immigrants from a partic-
ular ethnicity/occupation electing a particular state in a particular period of migration and the right hand
side variables are predicted flows constructed as detailed by the left-hand column using shares from 1900
IPUMS. Actual and predicted flows are measured from the administrative data (first three columns) and
from IPUMS (last three). All regressions include fixed effects for the double interactions of state, group and
period of immigration for the first two panels and for all triple interactions of state, ethnicity, occupation
and period of immigration for panel C.
Standard errors are clustered at the group-state level.
*: 5% significance, **: 1% significance, ***: 0.1% significance
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Table 8. Exploring the differences between ex-ante and ex-post regressions, by occupation.

High occ. Low occ. Traded Non- Within Between
score score traded 5 years 5-10 years

(1) (2) (3) (4) (5) (6)

Panel A: Flows from administrative data

Pred. flow by ethnicity 1.066** 1.186*** 1.205*** 0.428 1.239*** 1.132***
(0.342) (0.243) (0.242) (0.397) (0.303) (0.242)

Pred. flow by occupation 0.130 -0.070 -0.135 0.224 -0.097 -0.102
(0.194) (0.154) (0.154) (0.179) (0.206) (0.147)

Pred. flow by ethn.-occupation 0.119 -0.102 -0.101 0.405* -0.103 -0.108
(0.200) (0.118) (0.110) (0.205) (0.154) (0.101)

R-square 0.922 0.938 0.933 0.983 0.905 0.954
N 7905 7905 8925 6885 9486 6324

Panel B: Flows from IPUMS data

Pred. flow by ethnicity 0.165 -0.182 -0.186 0.072 -0.175 -0.186
(0.146) (0.102) (0.103) (0.153) (0.121) (0.147)

Pred. flow by occupation 0.764*** 0.558*** 0.553*** 0.764*** 0.516*** 1.007**
(0.213) (0.099) (0.099) (0.112) (0.122) (0.348)

Pred. flow by ethn.-occupation 0.215 0.536*** 0.542*** 0.250* 0.573*** 0.156
(0.158) (0.116) (0.117) (0.126) (0.154) (0.252)

R-square 0.885 0.967 0.966 0.962 0.966 0.967
N 7905 7905 8925 6885 9486 6324
The left-hand side variable of the regressions presented in this table is the flow of immigrants from a
particular occupation electing a particular state in a particular period of migration and the right hand
side variables are predicted flows constructed as detailed by the left-hand column using shares from
1900 IPUMS. Actual and predicted flows are measured from the administrative data (Panel A) and from
IPUMS (Panel B). The first 2 columns divide the sample by the occupational score of each occupation.
Columns (3) and (4) compare occupations classified as traded and non-traded as detailed in Table A-1.
Column (5) restricts the sample to immigrants observed in the Census within 5 years of their arrival
to the United States while the last includes individuals observed in the Census 5-10 years after their
arrival. All regressions include fixed effects for the double interactions of state, occupation and period
of immigration.
Standard errors are clustered at the occupation-state level.
*: 5% significance, **: 1% significance, ***: 0.1% significance
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Table 9. Exploring the differences between ex-ante and ex-post regressions, by ethnicity.

English Non Low High Within Between
English return return 5 years 5-10 years

(1) (2) (3) (4) (5) (6)

Panel A: Flows from administrative data

Pred. flow by ethnicity -0.424 1.222*** 1.264*** 0.943*** 1.243*** 1.203***
(1.156) (0.177) (0.209) (0.182) (0.224) (0.194)

Pred. flow by occupation 0.844 0.618*** 0.710** 0.154 0.686** 0.404*
(0.509) (0.170) (0.228) (0.130) (0.213) (0.187)

Pred. flow by ethn.-occupation 1.263 -0.223 -0.311 0.216 -0.240 -0.214
(1.152) (0.148) (0.172) (0.175) (0.211) (0.125)

R-square 0.964 0.928 0.935 0.925 0.886 0.949
N 1020 6120 3570 3570 4284 2856

Panel B: Flows from IPUMS

Pred. flow by ethnicity -0.724* -0.593* -0.688** -0.230 -0.683** -0.460
(0.362) (0.244) (0.235) (0.397) (0.256) (0.436)

Pred. flow by occupation -0.317** 0.291*** 0.256*** 0.234 0.165* 0.634***
(0.096) (0.073) (0.070) (0.176) (0.069) (0.142)

Pred. flow by ethn.-occupation 2.043*** 1.315*** 1.445*** 0.967* 1.503*** 0.903*
(0.358) (0.253) (0.246) (0.425) (0.264) (0.450)

R-square 0.949 0.956 0.970 0.893 0.954 0.949
N 1020 6120 3570 3570 4284 2856
The left-hand side variable of the regressions presented in this table is the flow of immigrants from a
particular ethnicity electing a particular state in a particular period of migration and the right hand
side variables are predicted flows constructed as detailed by the left-hand column using shares from
1900 IPUMS. Actual and predicted flows are measured from the administrative data (Panel A) and from
IPUMS (Panel B). The first 2 columns divide the sample by whether the ethnicity is English speaking
or not. Columns (3) and (4) compare ethnicities by the share of return migration observed over this
entire period. Column (5) restricts the sample to immigrants observed in the Census within 5 years of
their arrival to the United States while the last includes individuals observed in the Census 5-10 years
after their arrival. All regressions include fixed effects for the double interactions of state, ethnicity and
period of immigration.
Standard errors are clustered at the ethnic-state level.
*: 5% significance, **: 1% significance, ***: 0.1% significance
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Table 10. Explaining location choice using the “wrong” predicted flows

Flows from administrative data Flows from IPUMS data

(1) (2)

Panel A: By ethnicity (N=7140)
Pred. flow by ethnicity 1.786 0.205***

(1.380) (0.052)
Pred. flow by occupation -0.015 0.255**

(0.538) (0.083)
Pred. flow by ethn.-occupation 0.435 -0.004

(1.074) (0.049)
R-square 0.830 0.758

Panel B: By occupation (N=15810)
Pred. flow by ethnicity 1.579* 0.041

(0.722) (0.096)
Pred. flow by occupation 0.780** 0.219

(0.266) (0.115)
Pred. flow by ethn.-occupation -0.850 0.113

(0.778) (0.132)
R-square 0.681 0.772

Panel C: Joint estimation (N=22950)
Pred. flow by ethnicity 1.885* 0.090

(0.770) (0.088)
Pred. flow by occupation -0.024 0.232**

(0.525) (0.078)
Pred. flow by ethn.-occupation -0.154 0.086

(0.656) (0.083)
R-square 0.756 0.763

Panel D: By ethnicity and occupation (N=442680)
Pred. flow by ethnicity 0.050

(0.046)
Pred. flow by occupation 0.142***

(0.038)
Pred. flow by ethn.-occupation 0.049

(0.029)
R-square 0.111
The left-hand side variable of the regressions presented in this table is the flow of immigrants from a
particular occupation electing a particular state in a particular period of migration and the right hand
side variables are predicted flows constructed as detailed by the left-hand column using shares from
1900 IPUMS. Actual flows are from the administrative data and the predicted flows from IPUMS
in Panel A and vice versa in Panel B. Column (1) represents the regression computed on the sam-
ple by ethnicity, column (2) on the one by occupation. Column (3) corresponds to the regressions
on both ethnicity and occupation cells are estimated simultaneously. The final column includes
all ethnicity-occupation combinations as observations. All regressions include fixed effects for the
double interactions of state, group and period of immigration, Column (4) also include all triple
interactions between state, ethnicity, occupation and period of immigration.
Standard errors are clustered at the group-state level.
*: 5% significance, **: 1% significance, ***: 0.1% significance45



A Matching both Data Sources

The Census data in IPUMS provides two different occupations codes, the 1900 (for 1900

and 1910) and the 1950 Census occupation codes (for all years). Administrative data comes

in a different classification; with four main groups –professional, skilled, unskilled, and no-

occupation, being divided into very detailed lists of subgroups (for each of the first three groups).

We match groups of administrative data occupations to groups from the Census classifications.

We match the administrative data to the IPUMS samples using the 1950 Census occupation

codes to preserve comparability across years. When matching to the 1900 Census published

tables, however, occupations were paired using the 1900 Census codes because this was the only

classification available. The exact groups are in Table A-1 together with the corresponding Census

codes. The appendix table also shows our classification of occupations as large or small, defined

as being above or below the median size for all immigrant flow over the period.

The Commissioner of Immigration classified immigrants by their “ethnicity” rather than their

country of origin.36 In order to reach a matching set of ethnicities, we grouped both countries

of birth and ethnicities from the administrative data. Our final classification includes 28 “ethnic-

ities” used in the regression.37 Most of the pairings are fairly intuitive but we needed to make

a few adjustments in order to represent the definitions used by both data sets. For example, the

RCI classified all Blacks as Africans. However, over the period studied, most Black immigrants

are from the Caribbean and not from Africa. This explains why they are paired with West Indians

rather than with Africans. Similarly, Jewish immigrants were classified as “Hebrews”. We allo-

cate Jewish immigrants by their country of birth using the available information from the RCI,

which presents a table with the distribution of individuals by their ethnicity and the country of

last residence, although this pairing is definitely a gross approximation. We also collated our

various “ethnicities” by groups to present more easily understandable summary statistics and to

run some of the regressions separately for different ethnic groups.38

36For some years, a table highlights the distribution of individuals by their ethnicity and the country of last residence
but does not indicate the intended state of residence nor the occupations by countries. We use the information in these
tables to allocate certain ethnic groups to different countries as explained later in this section.

37Those groups are described in Appendix Table A-2.
38Lafortune (2010) presents a similar classification of countries into groups using Census data from the same period.
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Finally, we also classify each ethnic group by whether its flow was above or below the me-

dian over this period and classified as “large” those that were above the median. Similarly, we

computed the difference between the national flow as measured in the administrative data and

in the Census data and classify as those that have a difference in percentage term larger than the

median as high return migration ethnicities. Most of those correspond closely to the ones iden-

tified in the existing literature as having large circular migration flows (Hatton and Williamson

2005).

47



N
O

T
FO

R
PU

BL
IC

A
TI

O
N

Ta
bl

e
A

-1
.M

at
ch

in
g

of
oc

cu
pa

ti
on

s
be

tw
ee

n
ad

m
in

is
tr

at
iv

e
an

d
C

en
su

s
da

ta

A
dm

in
is

tr
at

iv
e

D
at

a
19

50
O

cc
up

at
io

n
C

la
ss

ifi
ca

ti
on

19
00

O
cc

up
at

io
n

C
la

ss
ifi

ca
ti

on
La

rg
e?

Tr
ad

ed
?

C
at

eg
or

ie
s

C
od

e
D

es
cr

ip
ti

on

T
O

TA
L

PR
O

FE
SS

IO
N

A
L

El
ec

tr
ic

ia
ns

51
5

El
ec

tr
ic

ia
ns

El
ec

tr
ic

ia
ns

N
o

N
o

60
3

A
pp

re
nt

ic
e

el
ec

tr
ic

ia
ns

En
gi

ne
er

s
(p

ro
fe

ss
io

na
l)

41
En

gi
ne

er
s,

ae
ro

na
ut

ic
al

En
gi

ne
er

s
(c

iv
il,

et
c)

an
d

su
rv

ey
or

s
Ye

s
N

o
42

En
gi

ne
er

s,
ch

em
ic

al
D

es
ig

ne
rs

,d
ra

ug
ht

sm
en

an
d

in
ve

nt
or

s
43

En
gi

ne
er

s,
ci

vi
l

44
En

gi
ne

er
s,

el
ec

tr
ic

al
45

En
gi

ne
er

s,
in

du
st

ri
al

46
En

gi
ne

er
s,

m
ec

ha
ni

ca
l

47
En

gi
ne

er
s,

m
et

al
lu

rg
ic

al
,m

et
al

lu
rg

is
ts

48
En

gi
ne

er
s,

m
in

in
g

49
En

gi
ne

er
s

(n
.e

.c
.)

35
D

ra
ft

sm
en

92
Su

rv
ey

or
s

Sc
ul

pt
or

s
an

d
ar

ti
st

s
4

A
rt

is
ts

an
d

ar
t

te
ac

he
rs

A
rt

is
ts

an
d

te
ac

he
rs

of
ar

t
N

o
N

o
31

D
an

ce
rs

an
d

da
nc

in
g

te
ac

he
rs

Li
te

ra
ry

an
d

sc
ie

nt
ifi

c
pe

rs
on

s
6

A
ut

ho
rs

Li
te

ra
ry

an
d

sc
ie

nt
ifi

c
pe

rs
on

s
N

o
N

o
56

Li
br

ar
ia

ns
30

1
A

tt
en

da
nt

s
an

d
as

si
st

an
ts

,l
ib

ra
ry

7
C

he
m

is
ts

61
A

gr
ic

ul
tu

ra
ls

ci
en

ti
st

s
62

Bi
ol

og
ic

al
sc

ie
nt

is
ts

63
G

eo
lo

gi
st

s
an

d
ge

op
hy

si
ci

st
s

67
M

at
he

m
at

ic
ia

ns
68

Ph
ys

ic
is

ts
69

M
is

ce
lla

ne
ou

s
na

tu
ra

ls
ci

en
ti

st
s

83
St

at
is

ti
ci

an
s

an
d

ac
tu

ar
ie

s

A
ct

or
s

1
A

ct
or

s
an

d
ac

tr
es

se
s

A
ct

or
s

N
o

N
o

Th
ea

tr
et

ic
al

m
an

ag
er

s,
et

c

M
us

ic
ia

ns
51

En
te

rt
ai

ne
rs

(n
.e

.c
.)

M
us

ic
ia

ns
an

d
te

ac
he

rs
of

m
us

ic
Ye

s
N

o
57

M
us

ic
ia

ns
an

d
m

us
ic

te
ac

he
rs

Pr
of

es
si

on
al

sh
ow

m
en

Te
ac

he
rs

12
A

gr
ic

ul
tu

ra
ls

ci
en

ce
s

Te
ac

he
rs

an
d

pr
of

es
so

rs
in

co
lle

ge
s,

et
c

Ye
s

N
o

13
Bi

ol
og

ic
al

sc
ie

nc
es

14
C

he
m

is
tr

y
15

Ec
on

om
ic

s
16

En
gi

ne
er

in
g

17
G

eo
lo

gy
an

d
ge

op
hy

si
cs

18
M

at
he

m
at

ic
s

19
M

ed
ic

al
sc

ie
nc

es
23

Ph
ys

ic
s

24
Ps

yc
ho

lo
gy

25
St

at
is

ti
cs

26
N

at
ur

al
sc

ie
nc

e
(n

.e
.c

.)
27

So
ci

al
sc

ie
nc

es
(n

.e
.c

.)
28

N
on

sc
ie

nt
ifi

c
su

bj
ec

ts
29

Su
bj

ec
t

no
t

sp
ec

ifi
ed

93
Te

ac
he

rs
(n

.e
.c

.)

C
le

rg
y

9
C

le
rg

ym
en

C
le

rg
ym

en
N

o
N

o

O
ffi

ci
al

s
(G

ov
er

nm
en

t)
21

0
In

sp
ec

to
rs

,p
ub

lic
ad

m
in

is
tr

at
io

n
O

ffi
ci

al
s

(g
ov

er
nm

en
t)

N
o

N
o

25
0

O
ffi

ci
al

s
an

d
ad

m
in

is
tr

at
or

s
(n

.e
.c

.),
pu

bl
ic

ad
m

in
is

tr
at

io
n

So
ld

ie
rs

,s
ai

lo
rs

an
d

m
ar

in
es

(U
.S

.)
27

0
Po

st
m

as
te

rs

48



A
dm

in
is

tr
at

iv
e

D
at

a
19

50
O

cc
up

at
io

n
C

la
ss

ifi
ca

ti
on

19
00

O
cc

up
at

io
n

C
la

ss
ifi

ca
ti

on
La

rg
e?

Tr
ad

ed
?

C
at

eg
or

ie
s

C
od

e
D

es
cr

ip
ti

on

59
5

M
em

be
rs

of
th

e
ar

m
ed

se
rv

ic
es

77
1

M
ar

sh
al

s
an

d
co

ns
ta

bl
es

78
2

Sh
er

iff
s

an
d

ba
ili

ff
s

Ph
ys

ic
ia

ns
75

Ph
ys

ic
ia

ns
an

d
su

rg
eo

ns
Ph

ys
ic

ia
ns

an
d

su
rg

eo
ns

N
o

N
o

A
rc

hi
te

ct
s

3
A

rc
hi

te
ct

s
A

rc
hi

te
ct

s
N

o
N

o

Ed
it

or
s

36
Ed

it
or

s
an

d
re

po
rt

er
s

Jo
ur

na
lis

ts
N

o
N

o

La
w

ye
rs

55
La

w
ye

rs
an

d
ju

dg
es

La
w

ye
rs

N
o

N
o

O
th

er
pr

of
es

si
on

al
s

2
A

ir
pl

an
e

pi
lo

ts
an

d
na

vi
ga

to
rs

D
en

ti
st

s
Ye

s
N

o
5

A
th

le
te

s
O

th
er

pr
of

es
si

on
al

se
rv

ic
e

8
C

hi
ro

pr
ac

to
rs

N
uu

rs
es

(t
ra

in
ed

)
32

D
en

ti
st

s
N

ur
se

s
(n

ot
sp

ec
ifi

ed
)

70
O

pt
om

et
ri

st
s

U
nd

er
ta

ke
rs

71
O

st
eo

pa
th

s
10

C
ol

le
ge

pr
es

id
en

ts
an

d
de

an
s

33
D

es
ig

ne
rs

34
D

ie
ti

ci
an

s
an

d
nu

tr
it

io
ni

st
s

52
Fa

rm
an

d
ho

m
e

m
an

ag
em

en
t

ad
vi

so
rs

53
Fo

re
st

er
s

an
d

co
ns

er
va

ti
on

is
ts

54
Fu

ne
ra

ld
ir

ec
to

rs
an

d
em

ba
lm

er
s

58
N

ur
se

s,
pr

of
es

si
on

al
59

N
ur

se
s,

st
ud

en
t

pr
of

es
si

on
al

72
Pe

rs
on

ne
la

nd
la

bo
r

re
la

ti
on

s
w

or
ke

rs
73

Ph
ar

m
ac

is
ts

76
R

ad
io

op
er

at
or

s
77

R
ec

re
at

io
n

an
d

gr
ou

p
w

or
ke

rs
78

R
el

ig
io

us
w

or
ke

rs
79

So
ci

al
an

d
w

el
fa

re
w

or
ke

rs
,e

xc
ep

t
gr

ou
p

81
Ec

on
om

is
ts

82
Ps

yc
ho

lo
gi

st
s

84
M

is
ce

lla
ne

ou
s

so
ci

al
sc

ie
nt

is
ts

91
Sp

or
ts

in
st

ru
ct

or
s

an
d

of
fic

ia
ls

94
Te

ch
ni

ci
an

s,
m

ed
ic

al
an

d
de

nt
al

95
Te

ch
ni

ci
an

s,
te

st
in

g
96

Te
ch

ni
ci

an
s

(n
.e

.c
.)

97
Th

er
ap

is
ts

an
d

he
al

er
s

(n
.e

.c
.)

98
Ve

te
ri

na
ri

an
s

99
Pr

of
es

si
on

al
,t

ec
hn

ic
al

an
d

ki
nd

re
d

w
or

ke
rs

(n
.e

.c
.)

26
0

O
ffi

ci
al

s,
lo

dg
e,

so
ci

et
y,

un
io

n,
et

c.
53

2
In

sp
ec

to
rs

,s
ca

le
rs

,a
nd

gr
ad

er
s,

lo
g

an
d

lu
m

be
r

53
3

In
sp

ec
to

rs
(n

.e
.c

.)
78

1
Pr

ac
ti

ca
ln

ur
se

s

T
O

TA
L

SK
IL

LE
D

Ba
rb

er
s

an
d

ha
ir

dr
es

se
rs

74
0

Ba
rb

er
s,

be
au

ti
ci

an
s,

an
d

m
an

ic
ur

is
ts

Ba
rb

er
s

an
d

ha
ir

dr
es

se
rs

Ye
s

N
o

C
le

rk
s

an
d

ac
co

un
ta

nt
s

0
A

cc
ou

nt
an

ts
an

d
au

di
to

rs
Bo

ok
ee

pe
rs

an
d

ac
co

un
ta

nt
s

Ye
s

N
o

30
2

A
tt

en
da

nt
s,

ph
ys

ic
ia

n’
s

an
d

de
nt

is
t’s

of
fic

e
C

le
rk

s
an

d
co

yp
is

ts
31

0
Bo

ok
ke

ep
er

s
M

es
se

ng
er

s
an

d
er

ra
nd

an
d

of
fic

e
bo

ys
32

0
C

as
hi

er
s

St
en

og
ra

ph
er

s
an

d
ty

pe
w

ri
te

rs
32

1
C

ol
le

ct
or

s,
bi

ll
an

d
ac

co
un

t
32

5
Ex

pr
es

s
m

es
se

ng
er

s
an

d
ra

ilw
ay

m
ai

lc
le

rk
s

33
5

M
ai

lc
ar

ri
er

s
34

0
M

es
se

ng
er

s
an

d
of

fic
e

bo
ys

34
1

O
ffi

ce
m

ac
hi

ne
op

er
at

or
s

34
2

Sh
ip

pi
ng

an
d

re
ce

iv
in

g
cl

er
ks

35
0

St
en

og
ra

ph
er

s,
ty

pi
st

s,
an

d
se

cr
et

ar
ie

s
36

0
Te

le
gr

ap
h

m
es

se
ng

er
s

36
5

Te
le

gr
ap

h
op

er
at

or
s

37
0

Te
le

ph
on

e
op

er
at

or
s

49



A
dm

in
is

tr
at

iv
e

D
at

a
19

50
O

cc
up

at
io

n
C

la
ss

ifi
ca

ti
on

19
00

O
cc

up
at

io
n

C
la

ss
ifi

ca
ti

on
La

rg
e?

Tr
ad

ed
?

C
at

eg
or

ie
s

C
od

e
D

es
cr

ip
ti

on

39
0

C
le

ri
ca

la
nd

ki
nd

re
d

w
or

ke
rs

(n
.e

.c
.)

45
0

In
su

ra
nc

e
ag

en
ts

an
d

br
ok

er
s

52
0

El
ec

tr
ot

yp
er

s
an

d
st

er
eo

ty
pe

rs

Ba
nk

er
s

20
4

C
re

di
t

m
en

Ba
nk

er
s

an
d

br
ok

er
s

N
o

N
o

30
5

Ba
nk

te
lle

rs
O

ffi
ci

al
s

of
ba

nk
s

an
d

co
m

pa
ni

es
48

0
St

oc
k

an
d

bo
nd

sa
le

sm
en

G
ar

de
ne

rs
93

0
G

ar
de

ne
rs

,e
xc

ep
t

fa
rm

,a
nd

gr
ou

nd
sk

ee
pe

rs
G

ar
de

ne
rs

,fl
or

is
ts

,n
ur

se
ry

m
en

,e
tc

Ye
s

N
o

G
ar

de
n

an
d

nu
rs

er
y

la
bo

re
rs

W
at

ch
an

d
cl

oc
k

m
ak

er
s

53
4

Je
w

el
er

s,
w

at
ch

m
ak

er
s,

go
ld

sm
it

hs
,a

nd
si

lv
er

sm
it

hs
C

lo
ck

an
d

w
at

ch
m

ak
er

s
an

d
re

pa
ir

er
s

Ye
s

Ye
s

Je
w

el
er

s
G

ol
d

an
d

si
lv

er
w

or
ke

rs

C
ar

pe
nt

er
s

an
d

jo
in

er
s

51
0

C
ar

pe
nt

er
s

C
ar

pe
nt

er
s

an
d

jo
in

er
s

Ye
s

Ye
s

Sh
ip

w
ri

gh
ts

60
2

A
pp

re
nt

ic
e

ca
rp

en
te

rs

C
ab

in
et

m
ak

er
s

50
5

C
ab

in
et

m
ak

er
s

C
ab

in
et

m
ak

er
s

N
o

Ye
s

W
oo

dw
or

ke
rs

(n
ot

sp
ec

ifi
ed

)
67

4
Sa

w
ye

rs
C

oo
pe

rs
N

o
Ye

s
Sa

w
an

d
pl

an
in

g
m

ill
em

pl
oy

ee
s

O
th

er
w

oo
d

w
or

ke
rs

Pl
um

be
rs

57
4

Pl
um

be
rs

an
d

pi
pe

fit
te

rs
Pl

um
be

rs
an

d
ga

s
an

d
st

ea
m

fit
te

rs
N

o
N

o
61

0
A

pp
re

nt
ic

e
pl

um
be

rs
an

d
pi

pe
fit

te
rs

Pa
in

te
rs

an
d

gl
az

ie
rs

53
0

G
la

zi
er

s
Pa

in
te

rs
,g

la
zi

er
s

an
d

va
rn

is
he

rs
Ye

s
Ye

s
56

4
Pa

in
te

rs
,c

on
st

ru
ct

io
n

an
d

m
ai

nt
en

an
ce

67
0

Pa
in

te
rs

,e
xc

ep
t

co
ns

tr
uc

ti
on

or
m

ai
nt

en
an

ce

M
as

on
s

50
4

Br
ic

km
as

on
s,

st
on

em
as

on
s,

an
d

ti
le

se
tt

er
s

M
as

on
s

Ye
s

Ye
s

60
1

A
pp

re
nt

ic
e

br
ic

kl
ay

er
s

an
d

m
as

on
s

St
on

ec
ut

te
rs

58
4

St
on

e
cu

tt
er

s
an

d
st

on
e

ca
rv

er
s

M
ar

bl
e

an
d

st
on

e
cu

tt
er

s
Ye

s
Ye

s
63

5
Fi

le
rs

,g
ri

nd
er

s,
an

d
po

lis
he

rs
,m

et
al

Bl
ac

ks
m

it
hs

50
1

Bl
ac

ks
m

it
hs

Bl
ac

ks
m

it
hs

Ye
s

Ye
s

52
4

Fo
rg

em
en

an
d

ha
m

m
er

m
en

En
gi

ne
er

s
20

3
C

on
du

ct
or

s,
ra

ilr
oa

d
C

on
du

ct
or

s
(s

te
am

ra
ilr

oa
d)

Ye
s

N
o

54
1

Lo
co

m
ot

iv
e

en
gi

ne
er

s
En

gi
ne

er
s

an
d

fir
em

en
58

3
St

at
io

na
ry

en
gi

ne
er

s
En

gi
ne

er
s

an
d

fir
em

en
(n

ot
ra

ilr
oa

d)

Ir
on

an
d

st
ee

lw
or

ke
rs

50
3

Bo
ile

rm
ak

er
s

Ir
on

an
d

st
ee

lw
or

ke
rs

Ye
s

Ye
s

M
et

al
w

or
ke

rs
53

1
H

ea
t

tr
ea

te
rs

,a
nn

ea
le

rs
,t

em
pe

re
rs

St
ea

m
bo

ile
r

m
ak

er
s

53
5

Jo
b

se
tt

er
s,

m
et

al
St

ov
e,

fu
rn

ac
e

an
d

gr
at

e
m

ak
er

s
56

1
M

ol
de

rs
,m

et
al

W
ir

e
w

or
ke

rs
58

0
R

ol
le

rs
an

d
ro

ll
ha

nd
s,

m
et

al
Br

as
s

w
or

ke
rs

58
5

St
ru

ct
ur

al
m

et
al

w
or

ke
rs

O
th

er
m

et
al

w
or

ke
rs

61
2

A
pp

re
nt

ic
es

,m
et

al
w

or
ki

ng
tr

ad
es

(n
.e

.c
.)

64
2

H
ea

te
rs

,m
et

al
68

5
W

el
de

rs
an

d
fla

m
e

cu
tt

er
s

St
ok

er
s

64
1

Fu
rn

ac
em

en
,s

m
el

te
rm

en
an

d
po

ur
er

s
C

ha
rc

oa
l,

co
ke

an
d

lim
e

bu
rn

er
s

N
o

Ye
s

M
ac

hi
ni

st
s

54
4

M
ac

hi
ni

st
s

M
ac

hi
ni

st
s

Ye
s

Ye
s

60
4

A
pp

re
nt

ic
e

m
ac

hi
ni

st
s

an
d

to
ol

m
ak

er
s

W
he

el
w

ri
gh

ts
54

5
M

ec
ha

ni
cs

an
d

re
pa

ir
m

en
,a

ir
pl

an
e

W
he

el
w

ri
gh

ts
Ye

s
Ye

s
M

ec
ha

ni
cs

55
0

M
ec

ha
ni

cs
an

d
re

pa
ir

m
en

,a
ut

om
ob

ile
M

ec
ha

ni
cs

(n
ec

)
Lo

ck
sm

it
hs

55
1

M
ec

ha
ni

cs
an

d
re

pa
ir

m
en

,o
ffi

ce
m

ac
hi

ne
55

2
M

ec
ha

ni
cs

an
d

re
pa

ir
m

en
,r

ad
io

an
d

te
le

vi
si

on
55

3
M

ec
ha

ni
cs

an
d

re
pa

ir
m

en
,r

ai
lr

oa
d

an
d

ca
r

sh
op

55
4

M
ec

ha
ni

cs
an

d
re

pa
ir

m
en

(n
.e

.c
.)

60
0

A
pp

re
nt

ic
e

au
to

m
ec

ha
ni

cs
60

5
A

pp
re

nt
ic

e
m

ec
ha

ni
cs

,e
xc

ep
t

au
to

Pr
in

te
rs

51
2

C
om

po
si

to
rs

an
d

ty
pe

se
tt

er
s

Pr
in

te
rs

,l
it

ho
gr

ap
he

rs
an

d
pr

es
sm

en
N

o
Ye

s

50



A
dm

in
is

tr
at

iv
e

D
at

a
19

50
O

cc
up

at
io

n
C

la
ss

ifi
ca

ti
on

19
00

O
cc

up
at

io
n

C
la

ss
ifi

ca
ti

on
La

rg
e?

Tr
ad

ed
?

C
at

eg
or

ie
s

C
od

e
D

es
cr

ip
ti

on

Ti
nn

er
s

57
5

Pr
es

sm
en

an
d

pl
at

e
pr

in
te

rs
,p

ri
nt

in
g

61
3

A
pp

re
nt

ic
es

,p
ri

nt
in

g
tr

ad
es

Ti
np

la
te

an
d

ti
nw

ar
e

m
ak

er
s

59
1

Ti
ns

m
it

hs
,c

op
pe

rs
m

it
hs

,a
nd

sh
ee

t
m

et
al

w
or

ke
rs

H
at

an
d

C
ap

m
ak

er
s

64
5

M
ill

in
er

s
H

at
an

d
ca

p
m

ak
er

s
N

o
Ye

s
M

ill
in

er
s

M
ill

in
er

s

Se
am

st
re

ss
es

63
3

D
re

ss
m

ak
er

s
an

d
se

am
st

re
ss

es
,e

xc
ep

t
fa

ct
or

y
Se

am
st

re
ss

es
Ye

s
Ye

s
D

re
ss

m
ak

er
s

D
re

ss
m

ak
er

s

Sh
oe

m
ak

er
s

58
2

Sh
oe

m
ak

er
s

an
d

re
pa

ir
er

s,
ex

ce
pt

fa
ct

or
y

Bo
ot

an
d

sh
oe

m
ak

er
s

an
d

re
pa

ir
er

s
Ye

s
Ye

s

Ta
ilo

rs
59

0
Ta

ilo
rs

an
d

ta
ilo

re
ss

es
Ta

ilo
rs

an
d

ta
ilo

re
ss

es
Ye

s
Ye

s

Te
xt

ile
w

or
ke

rs
(n

ot
sp

ec
ifi

ed
)

54
3

Lo
om

fix
er

s
Bl

ea
ch

er
y

an
d

dy
e

w
or

ks
op

er
at

iv
es

Ye
s

Ye
s

63
4

D
ye

rs
C

ar
pe

t
fa

ct
or

y
op

er
at

iv
es

C
ot

to
n

m
ill

op
er

at
iv

es
H

os
ie

ry
an

d
kn

it
ti

gn
m

ill
op

er
at

iv
es

W
oo

le
n

m
ill

op
er

at
iv

es
Sh

ir
t,

co
lla

r,
an

d
cu

ff
m

ak
er

s

W
ea

ve
rs

an
d

sp
in

ne
rs

67
5

Sp
in

ne
rs

,t
ex

ti
le

O
th

er
te

xt
ile

m
ill

op
er

at
iv

es
Ye

s
Ye

s
Fu

rr
ie

rs
an

d
fu

r
w

or
ke

rs
68

4
W

ea
ve

rs
,t

ex
ti

le
O

th
er

te
xt

ile
w

or
ke

rs
52

5
Fu

rr
ie

rs

U
ph

ol
st

er
er

s
59

3
U

ph
ol

st
er

er
s

U
ph

ol
st

er
er

s
N

o
Ye

s

M
ar

in
er

s
24

0
O

ffi
ce

rs
,p

ilo
ts

,p
ur

se
rs

an
d

en
gi

ne
er

s,
sh

ip
Bo

at
m

en
an

d
sa

ilo
rs

Ye
s

N
o

62
3

Bo
at

m
en

,c
an

al
m

en
,a

nd
lo

ck
ke

ep
er

s
67

3
Sa

ilo
rs

an
d

de
ck

ha
nd

s

Ba
ke

rs
50

0
Ba

ke
rs

Ba
ke

rs
Ye

s
Ye

s

Bu
tc

he
rs

64
4

M
ea

t
cu

tt
er

s,
ex

ce
pt

sl
au

gh
te

r
an

d
pa

ck
in

g
ho

us
e

Bu
tc

he
rs

Ye
s

Ye
s

M
ill

er
s

55
5

M
ill

er
s,

gr
ai

n,
flo

ur
,f

ee
d,

et
c.

M
ill

er
s

Ye
s

Ye
s

M
in

er
s

65
0

M
in

e
op

er
at

iv
es

an
d

la
bo

re
rs

M
in

er
s

an
d

qu
ar

ry
m

en
Ye

s
Ye

s

Ph
ot

og
ra

ph
er

s
74

Ph
ot

og
ra

ph
er

s
Ph

ot
og

ra
ph

er
s

N
o

N
o

67
1

Ph
ot

og
ra

ph
ic

pr
oc

es
s

w
or

ke
rs

Pl
as

te
re

rs
57

3
Pl

as
te

re
rs

Pl
as

te
re

rs
N

o
Ye

s

Bo
ok

bi
nd

er
s

50
2

Bo
ok

bi
nd

er
s

Bo
ok

bi
nd

er
s

N
o

Ye
s

En
gr

av
er

s
52

1
En

gr
av

er
s,

ex
ce

pt
ph

ot
oe

ng
ra

ve
rs

En
gr

av
er

s
N

o
Ye

s
57

1
Ph

ot
oe

ng
ra

ve
rs

an
d

lit
ho

gr
ap

he
rs

Pa
tt

er
n

m
ak

er
s

57
0

Pa
tt

er
n

an
d

m
od

el
m

ak
er

s,
ex

ce
pt

pa
pe

r
M

od
el

an
d

pa
tt

er
n

m
ak

er
s

N
o

Ye
s

Sa
dd

le
rs

an
d

ha
rn

es
s

m
ak

er
s

51
1

C
em

en
t

an
d

co
nc

re
te

fin
is

he
rs

H
ar

ne
ss

an
d

sa
dd

le
m

ak
er

s
an

d
re

pa
ir

s
Ye

s
Ye

s
Ta

nn
er

s
an

d
cu

rr
ie

rs
51

3
C

ra
ne

m
en

,d
er

ri
ck

m
en

,a
nd

ho
is

tm
en

Le
at

he
r

cu
rr

ie
rs

an
d

ta
nn

er
s

Br
ew

er
s

51
4

D
ec

or
at

or
s

an
d

w
in

do
w

dr
es

se
rs

Br
ew

er
s

an
d

m
al

st
er

s
C

ig
ar

pa
ck

er
s

52
2

Ex
ca

va
ti

ng
,g

ra
di

ng
,a

nd
ro

ad
m

ac
hi

ne
ry

op
er

at
or

s
D

is
ti

lle
rs

an
d

re
ct

ifi
er

s
C

ig
ar

et
te

m
ak

er
s

52
3

Fo
re

m
en

(n
.e

.c
.)

To
ba

cc
o

an
d

ci
ga

r
fa

ct
or

y
op

er
at

iv
es

To
ba

cc
o

w
or

ke
rs

54
0

Li
ne

m
en

an
d

se
rv

ic
em

en
,t

el
eg

ra
ph

,t
el

ep
ho

ne
,a

nd
po

w
er

Sw
it

ch
m

en
,y

ar
dm

en
an

d
fla

gm
en

C
ig

ar
m

ak
er

s
54

2
Lo

co
m

ot
iv

e
fir

em
en

Te
le

gr
ap

h
an

d
te

le
ph

on
e

lin
em

en
O

th
er

sk
ill

ed
56

2
M

ot
io

n
pi

ct
ur

e
pr

oj
ec

ti
on

is
ts

D
ec

or
at

or
s

an
d

w
in

do
w

dr
es

se
rs

56
3

O
pt

ic
ia

ns
an

d
le

ns
gr

in
de

rs
an

d
po

lis
he

rs
W

ei
gh

te
rs

,g
au

ge
rs

,a
nd

m
ea

su
re

rs
56

5
Pa

pe
rh

an
ge

rs
Pa

pe
r

ha
ng

er
s

57
2

Pi
an

o
an

d
or

ga
n

tu
ne

rs
an

d
re

pa
ir

m
en

R
oo

fe
rs

an
d

sl
at

er
s

58
1

R
oo

fe
rs

an
d

sl
at

er
s

Br
ic

k
an

d
ti

le
m

ak
er

s
59

2
To

ol
m

ak
er

s,
an

d
di

e
m

ak
er

s
an

d
se

tt
er

s
G

la
ss

w
oe

kr
s

59
4

C
ra

ft
sm

en
an

d
ki

nd
re

d
w

or
ke

rs
(n

.e
.c

.)
Po

tt
er

s
61

1
A

pp
re

nt
ic

es
,b

ui
ld

in
g

tr
ad

es
(n

.e
.c

.)
Bu

tt
er

an
d

ch
ee

se
m

ak
er

s
61

4
A

pp
re

nt
ic

es
,o

th
er

sp
ec

ifi
ed

tr
ad

es
C

on
fe

ct
io

nn
er

s
61

5
A

pp
re

nt
ic

es
,t

ra
de

no
t

sp
ec

ifi
ed

Tr
un

k
an

d
le

at
he

r-
ca

se
m

ak
er

s

51



A
dm

in
is

tr
at

iv
e

D
at

a
19

50
O

cc
up

at
io

n
C

la
ss

ifi
ca

ti
on

19
00

O
cc

up
at

io
n

C
la

ss
ifi

ca
ti

on
La

rg
e?

Tr
ad

ed
?

C
at

eg
or

ie
s

C
od

e
D

es
cr

ip
ti

on

62
0

A
sb

es
to

s
an

d
in

su
la

ti
on

w
or

ke
rs

Bo
tt

le
rs

an
d

so
da

m
ak

er
s

62
2

Bl
as

te
rs

an
d

po
w

de
rm

en
Bo

x
m

ak
er

s
62

4
Br

ak
em

en
,r

ai
lr

oa
d

Br
oo

m
an

d
br

us
h

m
ak

er
s

63
0

C
ha

in
m

en
,r

od
m

en
,a

nd
ax

m
en

,s
ur

ve
yi

ng
G

lo
ve

m
ak

er
s

66
2

O
ile

rs
an

d
gr

ea
se

r,
ex

ce
pt

au
to

ru
bb

er
fa

ct
or

y
op

er
at

iv
es

67
2

Po
w

er
st

at
io

n
op

er
at

or
s

To
ol

an
d

cu
tl

er
y

m
ak

er
s

68
1

Sw
it

ch
m

en
,r

ai
lr

oa
d

T
O

TA
L

U
N

SK
IL

LE
D

Fa
rm

la
bo

re
rs

64
0

Fr
ui

t,
nu

t,
an

d
ve

ge
ta

bl
e

gr
ad

er
s,

an
d

pa
ck

er
s

Fa
rm

an
d

pl
an

ta
ti

on
la

bo
re

rs
Ye

s
Ye

s
81

0
Fa

rm
fo

re
m

en
Fa

rm
la

bo
re

rs
(m

em
be

rs
of

fa
m

ily
)

82
0

Fa
rm

la
bo

re
rs

,w
ag

e
w

or
ke

rs
D

ai
ry

m
en

an
d

da
ir

yw
om

en
83

0
Fa

rm
la

bo
re

rs
,u

np
ai

d
fa

m
ily

w
or

ke
rs

St
oc

k
ra

is
er

s,
he

rd
er

s
an

d
dr

ov
er

s
84

0
Fa

rm
se

rv
ic

e
la

bo
re

rs
,s

el
f-

em
pl

oy
ed

Tu
rp

en
ti

ne
fa

rm
er

s
an

d
la

bo
re

rs

Fa
rm

er
s

10
0

Fa
rm

er
s

(o
w

ne
rs

an
d

te
na

nt
s)

Fa
rm

er
s,

pl
an

te
rs

,a
nd

ov
er

se
er

s
Ye

s
Ye

s
12

3
Fa

rm
m

an
ag

er
s

Fi
sh

er
m

en
91

0
Fi

sh
er

m
en

an
d

oy
st

er
m

en
Fi

sh
er

m
en

an
d

oy
st

er
m

en
N

o
Ye

s

La
bo

re
rs

69
0

O
pe

ra
ti

ve
an

d
ki

nd
re

d
w

or
ke

rs
(n

.e
.c

.)
La

bo
re

rs
(n

ot
sp

ec
ifi

ed
)

Ye
s

Ye
s

92
0

G
ar

ag
e

la
bo

re
rs

an
d

ca
r

w
as

he
rs

an
d

gr
ea

se
rs

La
bo

re
rs

(s
te

am
ra

ilr
oa

d)
95

0
Lu

m
be

rm
en

,r
af

ts
m

en
,a

nd
w

oo
dc

ho
pp

er
s

La
bo

re
rs

(s
tr

ee
t

ra
ilw

ay
)

97
0

La
bo

re
rs

(n
.e

.c
.)

O
il

w
el

la
nd

oi
lw

or
ks

em
pl

oy
ee

s
94

0
Lo

ng
sh

or
em

en
an

d
st

ev
ed

or
es

O
th

er
ch

em
ic

al
w

or
ke

rs
O

th
er

fo
od

pr
ep

ar
er

s
O

th
er

m
is

ce
lla

ne
ou

s
in

du
st

ri
es

Se
rv

an
ts

70
0

H
ou

se
ke

ep
er

s,
pr

iv
at

e
ho

us
eh

ol
d

H
ou

se
ke

ep
er

s
an

d
st

ew
ar

ds
Ye

s
N

o
71

0
La

un
dr

es
ss

es
,p

ri
va

te
ho

us
eh

ol
d

Se
rv

an
ts

72
0

Pr
iv

at
e

ho
us

eh
ol

d
w

or
ke

rs
(n

.e
.c

.)
75

3
C

ha
rw

om
en

an
d

cl
ea

ne
rs

76
4

H
ou

se
ke

ep
er

s
an

d
st

ew
ar

ds
,e

xc
ep

t
pr

iv
at

e
ho

us
eh

ol
d

78
0

Po
rt

er
s

A
ge

nt
s

28
0

Pu
rc

ha
si

ng
ag

en
ts

an
d

bu
ye

rs
(n

.e
.c

.)
A

ge
nt

s
N

o
N

o
30

0
A

ge
nt

s
(n

.e
.c

.)
St

at
io

n
ag

en
ts

an
d

em
pl

oy
ee

s
(s

te
am

ra
ilr

ao
d)

38
0

Ti
ck

et
,s

ta
ti

on
,a

nd
ex

pr
es

s
ag

en
ts

St
at

io
n

ag
en

ts
an

d
em

pl
oy

ee
s

(s
tr

ee
t

ra
ilr

oa
d)

47
0

R
ea

le
st

at
e

ag
en

ts
an

d
br

ok
er

s

D
ra

ym
en

,h
ac

km
en

an
d

te
am

st
er

s
30

4
Ba

gg
ag

em
en

,t
ra

ns
po

rt
at

io
n

D
ra

ym
en

,h
ac

km
en

,t
ea

m
st

er
s

N
o

N
o

32
2

D
is

pa
tc

he
rs

an
d

st
ar

te
rs

,v
eh

ic
le

Ba
gg

ag
em

en
62

5
Bu

s
dr

iv
er

s
Br

ak
em

en
63

1
C

on
du

ct
or

s,
bu

s
an

d
st

re
et

ra
ilw

ay
C

on
du

ct
or

s
(s

tr
ee

t
ra

ilw
ay

)
63

2
D

el
iv

er
ym

en
an

d
ro

ut
em

en
D

ri
ve

rs
(s

tr
ee

t
ra

ilw
ay

)
66

0
M

ot
or

m
en

,m
in

e,
fa

ct
or

y,
lo

gg
in

g
ca

m
p,

et
c.

M
ot

or
m

en
66

1
M

ot
or

m
en

,s
tr

ee
t,

su
bw

ay
,a

nd
el

ev
at

ed
ra

ilw
ay

68
2

Ta
xi

ca
b

dr
iv

er
s

an
d

ch
au

ff
er

s
68

3
Tr

uc
k

an
d

tr
ac

to
r

dr
iv

er
s

96
0

Te
am

st
er

s

M
an

uf
ac

tu
re

rs
29

0
M

an
ag

er
s,

of
fic

ia
ls

,a
nd

pr
op

ri
et

or
s

(n
.e

.c
.)

Fo
re

m
en

an
d

ov
er

se
er

s
N

o
Ye

s
56

0
M

ill
w

ri
gh

ts
M

an
uf

ac
tu

re
rs

an
d

of
fic

ia
ls

M
er

ch
an

ts
an

d
de

al
er

s
20

0
Bu

ye
rs

an
d

de
pa

rt
m

en
t

he
ad

s,
st

or
e

C
om

m
er

ci
al

tr
av

el
er

s
Ye

s
Ye

s
20

1
Bu

ye
rs

an
d

sh
ip

pe
rs

,f
ar

m
pr

od
uc

ts
H

uc
ks

te
rs

an
d

pe
dd

le
rs

20
5

Fl
oo

rm
en

an
d

flo
or

m
an

ag
er

s,
st

or
e

M
er

ch
an

ts
an

d
de

al
er

s
(e

xc
ep

t
w

ho
le

sa
le

)
40

0
A

dv
er

ti
si

ng
ag

en
ts

an
d

sa
le

sm
en

M
er

ch
an

ts
an

d
de

al
er

s
(w

ho
le

sa
le

)
41

0
A

uc
ti

on
ee

rs
Sa

le
sm

en
an

d
sa

le
sw

om
en

42
0

D
em

on
st

ra
to

rs
A

uc
ti

on
ne

er
s

43
0

H
uc

ks
te

rs
an

d
pe

dd
le

rs
N

ew
sp

ap
er

ca
rr

ie
rs

an
d

ne
w

sb
oy

s
46

0
N

ew
sb

oy
s

49
0

Sa
le

sm
en

an
d

sa
le

s
cl

er
ks

(n
.e

.c
.)

H
ot

el
ke

ep
er

s
62

1
A

tt
en

da
nt

s,
au

to
se

rv
ic

e
an

d
pa

rk
in

g
Ba

rt
en

de
rs

N
o

N
o

75
0

Ba
rt

en
de

rs
Bo

ar
di

ng
an

d
lo

dg
in

g
ho

us
e

ke
ep

rs

52



A
dm

in
is

tr
at

iv
e

D
at

a
19

50
O

cc
up

at
io

n
C

la
ss

ifi
ca

ti
on

19
00

O
cc

up
at

io
n

C
la

ss
ifi

ca
ti

on
La

rg
e?

Tr
ad

ed
?

C
at

eg
or

ie
s

C
od

e
D

es
cr

ip
ti

on

75
2

Bo
ar

di
ng

an
d

lo
dg

in
g

ho
us

e
ke

ep
er

s
H

ot
el

ke
ep

er
s

75
4

C
oo

ks
,e

xc
ep

t
pr

iv
at

e
ho

us
eh

ol
d

R
es

ta
ur

an
t

ke
ep

er
s

76
0

C
ou

nt
er

an
d

fo
un

ta
in

w
or

ke
rs

Sa
lo

on
ke

ep
er

s
78

4
W

ai
te

rs
an

d
w

ai
tr

es
se

s
W

ai
te

rs

O
th

er
m

is
ce

lla
ne

ou
s

23
0

M
an

ag
er

s
an

d
su

pe
ri

nt
en

de
nt

s,
bu

ild
in

g
Lu

m
be

rm
en

an
d

ra
ft

sm
en

Ye
s

N
o

64
3

La
un

dr
y

an
d

dr
y

cl
ea

ni
ng

op
er

at
iv

es
W

oo
d

ch
op

pe
rs

68
0

St
at

io
na

ry
fir

em
en

O
th

er
ag

ri
cu

lt
ur

al
pu

rs
ui

ts
73

0
A

tt
en

da
nt

s,
ho

sp
it

al
an

d
ot

he
r

in
st

it
ut

io
n

Ja
ni

to
rs

an
d

se
xt

on
s

73
1

A
tt

en
da

nt
s,

pr
of

es
si

on
al

an
d

pe
rs

on
al

se
rv

ic
e

(n
.e

.c
.)

La
un

de
re

rs
an

d
la

un
dr

es
se

s
73

2
A

tt
en

da
nt

s,
re

cr
ea

ti
on

an
d

am
us

em
en

t
M

id
w

iv
es

75
1

Bo
ot

bl
ac

ks
W

at
ch

m
en

,p
ol

ic
em

en
,fi

re
m

en
,e

tc
.

76
1

El
ev

at
or

op
er

at
or

s
O

th
er

do
m

es
ti

c
an

d
pe

rs
on

al
se

rv
ic

es
76

2
Fi

re
m

en
,fi

re
pr

ot
ec

ti
on

H
os

tl
er

s
76

3
G

ua
rd

s,
w

at
ch

m
en

,a
nd

do
or

ke
ep

er
s

Li
ve

ry
st

ab
le

ke
ep

er
s

77
0

Ja
ni

to
rs

an
d

se
xt

on
s

Pa
ck

er
s

an
d

sh
ip

pe
rs

77
2

M
id

w
iv

es
Po

rt
er

s
an

d
he

lp
er

s
(i

n
st

or
es

)
77

3
Po

lic
em

en
an

d
de

te
ct

iv
es

O
th

er
pe

rs
on

s
in

tr
ad

e
an

d
tr

an
sp

or
ta

ti
on

(n
ec

)
78

3
U

sh
er

s,
re

cr
ea

ti
on

an
d

am
us

em
en

t
78

5
W

at
ch

m
en

(c
ro

ss
in

g)
an

d
br

id
ge

te
nd

er
s

79
0

Se
rv

ic
e

w
or

ke
rs

,e
xc

ep
t

pr
iv

at
e

ho
us

eh
ol

d
(n

.e
.c

.)

T
O

TA
L

N
O

O
C

C
U

PA
T

IO
N

N
o

oc
cu

pa
ti

on
98

0
K

ee
ps

ho
us

e/
ho

us
ek

ee
pi

ng
at

ho
m

e/
ho

us
ew

if
e

98
1

Im
pu

te
d

ke
ep

in
g

ho
us

e
(1

85
0-

19
00

)
98

2
H

el
pi

ng
at

ho
m

e/
he

lp
s

pa
re

nt
s/

ho
us

ew
or

k
98

3
A

t
sc

ho
ol

/s
tu

de
nt

98
4

R
et

ir
ed

98
5

U
ne

m
pl

oy
ed

/w
it

ho
ut

oc
cu

pa
ti

on
98

6
In

va
lid

/d
is

ab
le

d
w

/
no

oc
cu

pa
ti

on
re

po
rt

ed
98

7
In

m
at

e
99

1
G

en
tl

em
an

/l
ad

y/
at

le
is

ur
e

99
5

O
th

er
no

n-
oc

cu
pa

ti
on

al
re

sp
on

se

53



Ta
bl

e
A

-2
.M

at
ch

in
g

et
hn

ic
gr

ou
ps

an
d

co
un

tr
ie

s.

Et
hn

ic
gr

ou
p

Et
hn

ic
it

ie
s

(f
ro

m
ad

m
in

is
tr

at
iv

e
da

ta
)

C
ou

nt
ry

of
bi

rt
h

(f
ro

m
C

en
su

s)
H

ig
h

re
tu

rn
?

La
rg

e?

Br
it

is
h

an
sc

es
tr

y
En

gl
is

h
En

gl
an

d,
C

an
ad

a
(E

ng
lis

h)
,A

us
tr

al
ia

N
o

Ye
s

Ir
is

h
Ir

el
an

d
N

o
Ye

s
Sc

ot
ch

Sc
ot

la
nd

N
o

Ye
s

W
el

sh
W

al
es

N
o

N
o

Fr
en

ch
D

ut
ch

an
d

Fl
em

m
is

h
Be

lg
iu

m
,N

et
he

rl
an

ds
N

o
N

o
Fr

en
ch

Fr
an

ce
,C

an
ad

a
(F

re
nc

h)
N

o
Ye

s
So

ut
h

Eu
ro

pe
an

s
It

al
ia

n
(N

or
th

),
It

al
ia

n
(S

ou
th

)
It

al
y

Ye
s

Ye
s

Po
rt

ug
ue

se
Po

rt
ug

al
Ye

s
N

o
Sp

an
is

h
Sp

ai
n

Ye
s

N
o

H
is

pa
ni

cs
M

ex
ic

an
M

ex
ic

o
N

o
Ye

s
Sp

an
is

h-
A

m
er

ic
an

C
en

tr
al

an
d

So
ut

h
A

m
er

ic
a

N
o

N
o

C
ub

an
,W

es
t

In
di

an
,A

fr
ic

an
(B

la
ck

)
A

ll
C

ar
ri

be
an

s
Is

la
nd

s
Ye

s
N

o
G

er
m

an
s

G
er

m
an

s,
G

er
m

an
H

eb
re

w
s

A
us

tr
ia

,G
er

m
an

y,
Sw

it
ze

rl
an

d
N

o
Ye

s
Sc

an
di

na
vi

an
s

Fi
nn

is
h

Fi
nl

an
d

N
o

N
o

Sc
an

di
na

vi
an

D
en

m
ar

k,
N

or
w

ay
,S

w
ed

en
N

o
Ye

s
R

us
si

an
s

an
d

ot
he

rs
Li

th
ua

ni
an

,R
us

si
an

,R
us

si
an

H
eb

re
w

s
R

us
si

a
N

o
Ye

s
Po

lis
h

Po
la

nd
Ye

s
Ye

s
R

om
an

ia
n,

R
om

an
ia

n
H

eb
re

w
s

R
om

an
ia

Ye
s

N
o

O
th

er
Eu

ro
pe

Bo
he

m
ia

n
an

d
M

or
av

ia
n,

R
ut

he
ni

an
,S

lo
va

k
Bo

he
m

ia
(C

ze
ch

os
lo

va
ki

a)
Ye

s
Ye

s
Se

rb
ia

n
an

d
M

on
te

ne
gr

in
,C

ro
at

ia
n

an
d

Sl
ov

en
ia

n,
Bu

lg
ar

ia
,Y

ug
os

la
vi

a
Ye

s
Ye

s
Bu

lg
ar

ia
n,

D
al

m
at

ia
n,

Bo
sn

ia
n,

H
er

ze
go

vi
ni

an
G

re
ek

G
re

ec
e

Ye
s

Ye
s

M
ag

ya
r

H
un

ga
ry

N
o

Ye
s

O
th

er
C

hi
ne

se
C

hi
na

Ye
s

N
o

Ea
st

In
di

an
In

di
a

Ye
s

N
o

Ja
pa

ne
se

Ja
pa

n
N

o
N

o
Pa

ci
fic

Is
la

nd
er

Pa
ci

fic
Is

la
nd

s
N

o
N

o
Sy

ri
an

,T
ur

ki
sh

,A
rm

en
ia

n
Tu

rk
ey

Ye
s

N
o

O
th

er
s,

ot
he

r
H

eb
re

w
s,

K
or

ea
n

K
or

ea
,o

th
er

co
un

tr
ie

s
Ye

s
N

o

54


	Introduction
	 Motivating Theory
	(Basic) Framework

	Data Description
	Administrative Data from the Commissioner of Immigration
	Census Data
	Stylized Facts and Summary Statistics

	 Empirical strategy
	Results
	Ethnic vs. Labor networks
	More Disaggregated Measures of Networks

	Exploring the difference between ex-ante and ex-post decisions
	Differences Across Occupations and Ethnicities
	Time since arrival
	Alternative Channels

	Conclusions
	Matching both Data Sources

