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Wage Distributions in Origin Societies and Occupational Choices

of Immigrant Generations in the US
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Abstract

This paper studies the occupational selection among generations of immigrants in the United States

and links their choices to the occupational wage distribution in their country of origin. The empirical

results suggest that individuals are more likely to take up an occupation in the US that was more

lucrative in the origin country, conditional on individual demographics, parental human capital, and

ethnic networks. However, the importance of the origin wage declines with the length of time that

immigrants spend in the US and over generations. Information friction may be an explanation. (JEL

J15, J24, J31)
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1 Introduction

Immigrants to the United States are a growing and increasingly diverse population. The number of immi-

grants in the US quadrupled from 1970 to 2013, and the origin of immigrant inflows has shifted away from

Europe to Latin America and Asia. As the foreign-born population has proliferated in the US, so has that

of second-generation immigrants (Blau et al., 2013).1

Changes in the scope and composition of immigration have brought fundamental changes to the US

labor market. Evidence suggests that the economic outcomes of immigrants and their descendants in a host

society vary by the country of origin and are related to the characteristics of those countries (Blau et al.,

2011, 2013; Abramitzky and Boustan, 2017; Hanson and Liu, 2017). Influences from source countries are

then transmitted across generations and last for decades.

In this paper, I investigate whether the occupational wage distributions in origin countries influence the

job selection of generations of immigrants in the US. The choice of occupation is one of the most important

economic decisions for an individual. Occupations determine earnings and socioeconomic standing (Constant

and Zimmermann, 2003). For immigrants, their assimilation progress in the host society hinges on their labor

market performance.

The occupational wage structure is formed based on market demand and supply of labor, both of which

are linked to many factors. Consequently, the origin occupational wages can affect immigrants and their

offspring in the US through multiple channels. First, the origin wage distribution may capture discrepancies

in unobserved human capital across national origins. Such discrepancies might result from education systems

(Wobmann, 2003), job specialization, and selective migration (Borjas, 1987, 1995b). Due to intergenerational

transmission of human capital and ethnic networks (Edin et al., 2003; Lafortune and Tessada, 2012), such

discrepancies can persist across generations. Second, some immigrants may view their origin country as a

potential destination labor market and, thus, take the wages there into consideration when choosing jobs in

the US. Third, cultural norms may shape individuals’preferences toward specific occupations or occupational

attributes (Bisin and Verdier, 2000; Zhan, 2015). These preferences may persist post-migration. Lastly,

immigrants may have limited information on local labor markets in the host country and use their pre-

migration experience to inform their US job selection.

While the reliance on the origin labor market may impede immigrants’ assimilation to the US labor

market, the four channels have different implications. The first two channels suggest that immigrants are

sorting into the "right" occupations given unobserved factors that are correlated with origin occupational

wages. The third channel also implies the selection of "right" occupations according to endogenous prefer-

ences, which are formed on the basis of country-of-origin wages. The last channel, however, indicates that

immigrants choose the "wrong" occupations by accounting for the wage in the origin country, an irrelevant

attribute. If they were to ignore origin wages, immigrants could potentially get higher paid jobs. Hence, the

misinformation channel suggests a welfare loss, whereas the others do not.

In this paper, I assess three generations of immigrants surveyed in the 2005-18 American Community

Surveys: the first generation that migrated to the US after the age of five, the 1.5 generation that was

foreign-born but came to the US at the age of five or less, and the second and higher generations that

were native-born.2 The information about occupational wages in source countries is gathered from the

Occupational Wages around the World Database by Richard B. Freeman and Remco H. Oostendorp. I

1Second generation refers to individuals who were born in the US but at least one whose parents were foreign-born.
2According to statistics from the Current Population Survey, a nontrivial fraction of the native-born Americans in the sample

may be second-generation immigrants.
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restrict the sample to prime-aged males with bachelor’s degrees or higher in the main analysis. Using a

highly educated sample reduces potential problems associated with self-selection into the labor force and

unobserved ability differences (Dolton et al., 1989; Arcidiacono, 2004). I also use general occupational

categories so that the access to occupations is less constrained by one’s specialized skill set or location. As

a result, the individuals in the sample are more likely to face a comparable set of occupation choices and

have the discretion to select the most favorable one. While highly skilled workers comprise an important

component of current immigrant inflows (Peri and Sparber, 2011), limiting the sample to college graduates

may pose issues to the internal and external validity of the study. In the extended analysis, therefore, my

sample includes high school graduates and individuals with some college additionally.

I model occupational selection as a conditional logit discrete choice problem where an individual is as-

sumed to choose the occupation that yields the highest utility. The hedonic utility is a function of the

attributes of an occupation and its wage income in one’s origin country. Factors related to opportunity or

advantage, such as individual demographic characteristics, family background, and origin country character-

istics that may affect selective migration, are controlled for. Some specifications include origin-fixed effects

further to eliminate the possibility that unobserved individual characteristics drive the occupational choices.

The empirical results suggest that all three generations place a positive weight on the country-of-origin

occupational wage when choosing jobs in the US, conditional on the expected earnings in the US market.

The positive effect of origin wage persists across generations, though its scope shrinks. These results are

robust to alternative specifications that address potential problems related to unobserved heterogeneity in

human capital, the violation of the assumption of the independence of irrelevant alternatives, measurement

errors in the US occupational wages, and the period to which the origin country’s wage refers. Focusing on

the first-generation immigrants, I find the length of time in the US mitigates the effect of the origin wage.

The temporal change is small, however, which may suggest assimilation takes place at a slow pace.

Subsequently, I explore the potential mechanisms underlying these empirical patterns. I find a higher

origin wage of a person’s chosen US occupation does not predict higher actual US earnings, controlling

for the average wage of that occupation in the US. Indeed, among the native-born generation, individuals’

realized income is significantly and negatively related to the origin wage of their job. This finding may rule

out the possibility that the origin occupational wage captures the unobserved abilities, motivation, or ethnic

networks that lead to higher productivity.

I next use an alternative dataset, the Knowledge of the World of Work survey, to assess the information

acquired by individuals of different ancestries. This survey asked young adults for their opinions on earnings

of various occupations. These young adults might have little market experience at the time of the survey,

but their ranking of occupational earnings conforms to the wage distribution in their origin countries. This

pattern may confirm that information friction is a plausible explanation for the positive weight assigned to

origin occupational wages when immigrants choose jobs in the US.

Finally, I expand the sample to include individuals with a high school degree or some college. Because

qualifications and ability may restrict the set of occupation choices available to less-educated workers, I

employ a nested logit model and categorize the occupations into two nests: professional and non-professional.

I assume that years of education and other individual characteristics capturing advantage and opportunity

determine the choice of the nest, and the origin occupational wage affects the selection within a nest. The

results verify that better-educated people are more likely to work in professional jobs. Conditional on the

choice of the nest, individuals exhibit a high propensity to take up an occupation that was more profitable

in their countries of origin. As in the sample of college graduates, the weight placed on the origin wage
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dissipates over generations.

The findings in this paper underscore the importance of ethnic backgrounds in immigrants and their

descendants’occupational choices in the US. These findings may help policymakers formulate optimal im-

migration and social policies. For instance, if ethnic backgrounds guide immigrants to sort into specific

occupations, different national-origin groups will contribute to the host economy differently. Such a trend

may have implications for the type of immigrants that a host country chooses to target and how to create

appropriate incentives to attract them (Chiswick and Taengnoi, 2007). The results may also shed light on

the potential impact of immigrants on native and previous immigrant workers. Policies to restrict entry to

certain occupations or industries for new immigrants could prove helpful to protect the well-being of the

other two groups (Lafortune and Tessada, 2012).

2 Literature Review and Contribution

This paper belongs to a broad literature on economic outcomes and assimilation of immigrants and their

offspring in receiving countries. The existing literature has established a set of patterns, estimating both

the economic and cultural convergence between immigrants and natives (see, for example, Chiswick (1978),

Borjas (1995a), Borjas (1995a), and Abramitzky and Boustan (2017)). The paper contributes to this litera-

ture by identifying an important social and economic factor– pre-migration experience, as captured by the

country-of-origin wage distribution– to explain immigrants’labor market performance and the assimilation

process in the US. Underscoring the importance of information in one’s host-country job selection, the paper

adds to a series of studies that investigate the occupational choices of immigrants, across national origins

and relative to natives (Chiswick and Taengnoi, 2007; Peri and Sparber, 2011; Hanson and Liu, 2017). This

paper verifies a slow pace of assimilation of immigrants and varying speeds of convergence across sending

countries, both of which have been established by several previous papers (Chiswick, 1983; Abramitzky et al.,

2014). The results in this paper may imply that a more substantial disparity in the wage structure between

the US and the country of origin can result in a more severe skill-job mismatch and, as a result, a penalty

on income. This paper, then, echoes multiple studies that inspect the impact of ethnic networks, or ethnic

capital, on immigrants’labor market outcomes (Borjas, 1992; Munshi, 2003; Lafortune and Tessada, 2012).

Ethnic capital may depend on the wage structure of an origin country, and social networks are pivotal to the

transmission of information in the host country. Lastly, the paper is related to a set of papers on selective

migration (Borjas, 1987; Abramitzky and Boustan, 2017; Spitzer and Zimran, 2018). By linking immigrants’

US earnings to country-of-origin occupational wages, the paper provides evidence of a positive selection of

migrants from lower-paid jobs in the home country but a negative selection from higher-paid jobs, a pattern

consistent with that proposed by Borjas (1987).

Furthermore, the paper contributes to a second strand of literature on individual choices of college majors

and occupations (see, for example, Boskin (1974), Arcidiacono (2004), Ryoo and Rosen (2004), and Propper

and Reenen (2010)). The majority of this literature focuses on expected lifetime earnings and job tasks and

demonstrates that people respond to variation in salaries when making career choices. This paper adds to

the literature by addressing the factors of ethnic backgrounds, past labor market experience, and information

flows in job selection. These factors may impact not only international migrants but also people who move

across local markets or encounter policy shocks.
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3 Conceptual Framework

This section discusses the mechanisms underlying the connection between the country-of-origin wage struc-

ture and immigrants’occupational choice in the US. There are four possible channels: unobserved human

capital, mobility, cultural preferences, and information.

1. The unobserved discrepancies in human capital across national origins may result in differential ex-

pected earnings of each occupation for individuals with different origins. Such discrepancies may be

correlated with the wage distribution in one’s country of origin for the following reasons.

• Ability differences: The educational infrastructure and systems may result in more accumulation
of certain skills in a country than in other countries (Wobmann, 2003). Hence, the labor supply

to the occupations where such skills can apply would be larger, and the wage (standing) of

these occupations would be lower, conditional on the demand. Accordingly, the wage rate of an

occupation in the origin country may negatively predict the probability of immigrants taking up

that occupation in the host country.

Conversely, a higher occupational wage in a country may imply more specialization in that occu-

pation. Thus, the migrants from that country may be more productive to work in that occupation

and receive higher US earnings than people from elsewhere. A positive connection between im-

migrants’US occupation and their origin-country wage is expected. Notably, the specialization

premise may apply to individuals who have accumulated occupation-specific human capital be-

fore migration but not to those who migrate at a young age or to the native-born children of

immigrants, conditional on their parents’educational and occupational backgrounds.

• Selective migration: The wage distributions of sending and receiving countries may impact the
selection of migrants, which takes place in two possible ways. First, individuals will move to the

US if they have a comparative advantage (relative to the natives). Second, they will migrate if

the returns on their skills are higher in the US than in their home country (Borjas, 1987). In both

scenarios, a lower (relative to the US) wage standing in a country predicts more emigrants with

the skills required by that occupation. If immigrants engage in the same or similar jobs post-

migration, they are more likely to work in occupations associated with a lower country-of-origin

wage. On the other hand, if migration is more likely among those who can afford the trip and

have better English skills, it might be those who were paid well in their home countries that come

to the US. In this case, origin wages may positively predict one’s job choice in the US.

• Intergenerational transmission of human capital : Children of immigrants may engage in similar
occupations as their parent generation, as they inherit skills and ability from their parents and

ethnic communities (Borjas, 1995b). This dynamic will lead to serial correlation in occupational

choice across generations. So first-generation investments related to source-country earnings will

persist through multiple generations.

• Ethnic networks: Ethnic networks may facilitate one’s job search (Munshi, 2003; Edin et al., 2003;
Lafortune and Tessada, 2012). If certain occupations in the home country are common choices

for the previous generation, the descendants may have access to networks in those jobs that

increase their expected earnings in the US relative to individuals from other ethnic backgrounds.

It is also possible that ethnic enclaves slow down the post-migration accumulation of US-specific
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human capital and affect immigrants’earnings negatively (Warman, 2007; Eriksson, 2019). Both

scenarios may generate positive occupational wage correlation across the two countries.

2. Return migration is possible for some immigrants. If individuals consider their country of origin as a

future destination labor market, expected (lifetime) earnings of each occupation will depend on both

US and country-of-origin wages. This is especially true for first-generation immigrants, many of whom

moved to the US after making education and initial occupation choices in their country of origin.

One-point-five-generation workers, who are likely fluent in their parent’s native language as well as in

English, may consider a return to their parents’source country as a viable possibility. They may also,

therefore, place some weight on the country-of-origin wages when considering expected earnings. The

implications for the native-born are less clear, although in the current data, a nontrivial fraction of

them may have immigrant parents and, thus, form expectations similar to those of 1.5 generation.

3. Social and cultural norms in a country shape the preferences of its people. Immigrants may carry with

them such preferences and ideas about occupations based on personal experiences and common social

representations in source countries. They may later socialize their US-born children with the same set

of values (Bisin and Verdier, 2000; Giuliano, 2007). These norms and attitudes may predict the link

between origin occupational wage and US job selection of immigrants in both directions. On the one

hand, people often attach social prestige to high-income jobs. Hence, a lucrative job in the country of

origin may also be highly sought-after in the US regardless of the actual wage offered. On the other

hand, when a society values an occupation culturally, a surplus labor supply reduces the compensating

wage for that occupation. If migrants continue to favor that occupation in the US, a negative link may

be observed.

4. Information friction can cause mistaken beliefs about which occupations are higher earning. The

language barrier and lack of social networks can prevent new immigrants from getting the correct

information about occupational earnings in local labor markets. These job-seekers may, thereby, view

an occupation according to their pre-migration experience. Similarly, because of misinformation, im-

migrants’choices of human capital investment for their children may depend on judgments developed

in their home countries. A positive connection between occupational wage in the country of origin and

the occupational choices of immigrants to the US can be expected.

The first two channels may imply that immigrants and their descendants make occupational selections in

the US based on correct but unobservable (to the econometrician) information. These channels are consistent

with findings in the existing literature that occupational choice responds to expected earnings (e.g., Boskin

(1974) and Arcidiacono (2004)). Nevertheless, individuals who migrate at a young age or who are native-

born to immigrant parents may have no direct exposure to the country-of-origin labor market. Disentangling

unobserved human capital from other channels may be possible for these individuals by controlling for the

education and occupations of their parents and the broader ethnic environment, including ethnic networks.

The propensity of return migration is also lower for later generations. The third channel addresses the

influence of a non-economic factor: cultural preference. Individuals may have correct information about

US occupational wages, but their optimal choices do not necessarily yield the highest expected earnings

because of unobserved preferences. The last channel, in contrast, indicates that immigrants use incorrect

information to guide their occupational choices and, as a result, may suffer an income penalty. Immigrants

who encounter higher obstacles to accessing information, such as those without competent English skills
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or those from countries whose economic structure differs dramatically from that of the US, may be more

adversely impacted. Indeed, these groups are precisely those who have more diffi culties in assimilating to

the host society. Individuals in this situation could potentially improve their labor market performance if

policy intervention provides them with correct information.

4 Empirical Model

I study the occupational choices of immigrants and their descendants in the following manner. Suppose

individuals select their occupation fromW mutually exclusive options to maximize their utility. The hedonic

utility for individual i of birth cohort t from origin j to work in occupation w, where w = 1, 2, ...,W , is

Uijwt = V (Ywi, Xi, Zjwt) + ξijwt.

Ywi measures the attributes of occupation w at the time when individual i chooses the current job that may

determine expected lifetime earnings. These attributes may include wage income, training costs, working

hours, and the likelihood of unemployment. Xi is a vector of observed individual characteristics that may be

related to opportunity and advantage and affect job selection, such as age, working disability, and English

proficiency. For first-generation immigrants, I also include the number of years an individual has lived in

the US, as immigrants may accumulate US-specific human capital and information about labor markets over

time. Their immigration status may change with the length of the migration spell as well. Additionally, I

introduce year-of-survey fixed effects to Xi to account for market fluctuations across years. Zjwt represents

the wage of occupation w in country of origin j that may influence the job decisions of cohort t. Since the

wage distribution in a market evolves, one may argue that origin wages before first-generation immigrants

migrated to the US would best reflect the origin-specific human capital, cultural norms, or information they

carried with them and then transmitted to their descendants. However, one may also argue that the wage

distributions faced by counterparts of the US population, or their "cousins" in origin countries, may better

capture exposure and evolution of the origin traits that have influenced the immigrants (Fernandez and

Fogli, 2009; Zhan, 2015). Data limitations discussed in the following paragraphs only allow me to match

generations in the US to their country-of-origin occupational wages based on the second argument. Besides,

if mobility is the reason why individuals in the US value the wages in their origin countries, it should be the

current wage rates that matter.3 V (Ywi, Xi, Zjwt) can thereby be interpreted as individual i’s evaluation of

occupation w. The error term ξijw represents unobservable preferences.

The probability that individual i selects occupation w, pijwt, is

pijwt = Pr (Uijwt > Uijkt) ,∀k = 1, 2, ...,W. (1)

The error term ξijw is assumed to be independent across occupations for each individual. So the likelihood

that a particular occupation is chosen over another one is independent of other alternatives. If the error

terms follow a standard Type I extreme value distribution, pijwt can be derived to be:

pijwt =
exp (Vijwt)∑W
k=1 exp (Vijkt)

, (2)

3 I conduct several sensitivity tests regarding the period to which the origin wage refers. Appendix Section A.2.4 discusses
the details of these tests.
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where Vijwt = V (Ywi, Xi, Zjwt).

In a conditional logit model, the coeffi cients on variables that are not alternative-specific, such as indi-

vidual characteristics, cannot be directly estimated. However, the effects of such variables can be identified

by interacting them with the attributes of the options.4 That is, these factors are assumed to affect job

selection through their influence on how individuals evaluate various occupational attributes. Therefore, a

linear formulation of Vijwt is

Vijwt = η′1Ywi + η
′
2Ywi ×Xi + φ

′
1Zjwt + φ

′
2Zjwt ×Xi + eijwt. (3)

eijwt includes factors that are related to occupational choices but unobserved by the econometrician. φ1

and φ2 capture the effects of occupational wage distribution of origin countries on the occupational choices

of individuals in the US market. If Xi is standardized to have a mean zero and standard deviation of one

across the sample, a positive φ1 suggests that an individual with mean characteristics in the sample would

favor a job that offers high monetary reward in the country of origin, and vice versa.

To disentangle the intergenerational transmission of human capital and rule out the probability that

occupational wages in origin countries pick up other systematic variation across origins, such as selective

migration, I further include in Xi parental income, parental education, the number of siblings,5 and several

economic and political factors of the source country that may impact the emigration decisions of its people

(i.e., the GDP per capita, Gini coeffi cient, average educational attainment, war, democracy, share of the labor

force in agriculture, distance to the US, and whether English is an offi cial language).6 Because a country’s

wage structure evolves, I also control for country fixed effects in some specifications by interacting country-

of-origin dummies with occupational attributes, including the origin wage Zjwt. This way, the unobserved

time-invariant discrepancies across countries can be effectively removed, and the identifying variation comes

solely from temporal changes in the origin wages. Finally, because ethnic networks do not only facilitate

individuals in finding employment but also captures the set of specialized human capital of an ethnic group, I

include the proportion of the parental generation of individual i working in occupation w, lijw, as a measure

of ethnic networks.

Hence, Equation 3 is modified to

Vijwt = η′1Ywi + η
′
2Ywi ×Xi + φ

′
1Zjwt + φ

′
2Zjwt ×Xi + λ

′lijw + εijwt. (4)

With the additional controls, εijwt is less likely to correlate with origin occupational wage Zjwt.

Nevertheless, the variation in parental socioeconomic backgrounds and their occupational patterns may

be partly attributed to the origin wage structure. Controlling for these variables may, therefore, result in

underestimation of the impact of origin occupational wages.

4Variables that do not vary across occupations may also enter the regression by interacting them with a set of occupation
dummies. I use the interaction of person-specific characteristics and occupational attributes for computational advantage.

5Because the American Community Surveys (ACS) does not document respondents’parental characteristics, I estimate these
characteristics using a group-mean method (Card et al., 2000; Blau et al., 2013). The next section reveals more details about
this method.

6The last two time-invariant traits are dropped from the regression when country fixed effects are introduced.
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5 Data Description

5.1 Sample Selection

The main dataset employed is the Integrated Public Use Microsample Series version of the 2005-18 Amer-

ican Community Surveys (ACS). I focus on males aged 35-54 and exclude those living in group quarters.

Individuals in this age range have usually completed their education, and differential mortality is unlikely to

be a problem. Compared to males, female samples are more affected by selection bias due to labor force par-

ticipation decisions. Female immigrants are also more often tied movers, whose labor market performance

may result from compromised choices (Keith and McWilliams, 1999). In the primary analysis, I restrict

the sample to individuals with bachelor’s degrees or higher to reduce problems associated with unobserved

ability. The occupational pattern of low-skilled workers may be largely driven by their qualification for

different jobs rather than their preferences. In comparison, the highly educated have a better chance to

select occupations that maximize their utility. Additional years of postgraduate studies may be viewed as

part of the career path. Nonetheless, lower-educated individuals make up an essential part of the US labor

force, and so I include high school graduates and individuals with some college in the sample additionally in

extended analysis.

I assign ethnic origins of individuals by their first-reported ancestry. For a foreign-born individual who

does not report an ancestry, I define birthplace as the ethnic origin. To investigate the assimilation process,

I divide the sample into three groups: the first generation, the 1.5 generation,7 and native-born Americans

who belong to second or higher generations. In the ACS, about 60% of native-born males reported an

identifiable non-US ancestry. These people might retain a stronger ethnic identity or a closer link to their

ethnic community than those who did not report and thus may not well represent the whole US-born

population.8 Moreover, I drop origin countries displaying less than 10 observations in each generation. Due

to computational constraints of discrete choice models, for the origins with the number of observations that

well exceeds 1,500 in the first and last group, I randomly select around 1,500 individuals from each ethnic

origin.9

In addition to ancestry and nativity, the ACS data document individuals’educational attainment, employ-

ment, occupation, and other basic demographic characteristics such as age, gender, and working disability.

Unfortunately, the ACS does not collect information on respondents’ parents. Because intergenerational

human capital transmission plays a critical part in one’s occupational choice, I follow Card et al. (2000)

and Blau et al. (2013) and use a group-mean method to estimate the parental characteristics. I identify the

groups of "potential parents" of the 1.5 generation and higher generation from the earlier censuses10 and

7Second-generation immigrants are not identifiable in the ACS data. Instead, I examine the 1.5-generation immigrants who
migrated to the US prior to the age of five. These people may obtain all their education in the US but may be tightly connected
to the origin society. Therefore, the 1.5 generation should have a close resemblance to the second generation.

8Because both the ACS and the Current Population Survey (CPS) survey nationally representative samples, and because
second-generation immigrants can be distinguished in the CPS data, I compare the statistics from the ACS and the CPS of
the same years. Were all second-generation individuals to identify their ancestries, statistics suggest that approximately 20%
of the native-born American sample are second-generation.

9 I do not trim the sample of 1.5 generation as this group is much smaller. Appendix Table A1 reports the list of origin
countries in the sample and the number of observations in each generation by origin (pre- and post-trimming). Alternatively,
I form a 25% random sample of the first generation and a 5% random sample of the native-born Americans, regardless of
countries of origin. These two samples have a comparable size to the samples analyzed in the paper. Repeating the regressions
in Tables 5 and 6 on the random samples yields very similar results. The results are available from the author upon request.
10The parents of the 1.5 and higher generations are more likely to be present in the US and be observed in the earlier

censuses. It is not clear whether the parents of the first-generation immigrants migrated to the US or not. Therefore, I do
not estimate parental education, income, or the number of siblings for the first generation. Nevertheless, the parental ethnic
networks estimated for the 1.5 generation may also reflect the ethnic networks of the first generation in the US.
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derive the means of years of education, family income, and the number of children to proxy for the actual

parental characteristics.11 I also calculate the proportion of the matched parental generation working in each

occupation to measure the ethnic network in the labor market. These proportions may serve as proxies for

the occupations of one’s own parents as well.

Table 1 reports the summary statistics by generations. Among the three groups, first-generation immi-

grants are the youngest and least likely to be disabled; they have the most postgraduate education but the

lowest wage income. The 1.5 generation resembles the native-born in age and years of schooling. Yet the

1.5 generation has a higher share of disabled individuals, a slightly larger share of people who do not speak

English, and a lower income than the later generation. The individuals in the sample were born between

1956 and 1985. For analytical purposes, I define cohorts by every five birth years.

5.2 Occupations

The occupation reported in the ACS is the job from which respondents earn the most money or the job

at which they spend the most time. Unemployed persons or those out of the labor force for less than five

years were to give their most recent jobs.12 There are 383 occupations in total in the 1990 Census Bureau

occupational classification, excluding the armed services. Highly educated workers engage in all of the 383

occupations.

I aggregate the three-digit-coded jobs into 23 categories based on the Census/ACS occupation grouping

and the required training.13 The aggregation reduces the problem associated with barriers to entering certain

narrowly-defined jobs. Since each occupation category covers multiple industries, an individual’s choice set

is less likely to be constrained by the local industrial structure. However, the aggregation inevitably leads

to a loss of heterogeneity across occupations.

I inspect five occupational attributes: expected wage income, years of working experience,14 regular hours

of work, training cost, and the likelihood of unemployment. These five attributes determine the expected

lifetime earnings from working in a job (Boskin, 1974). I derive these measures from 1980, 1990, 2000, and

2010 Census data. In each census, I assign a three-digit-coded occupation a value representing the median

annual wage income of highly educated individuals who work in that occupation to reflect the expected

wage of that occupation.15 I derive the expected years of experience16 , weekly hours of work, and training

costs17 in the same manner. I calculate the fraction of college graduates who had an occupation but were

unemployed at the time of the survey as the likelihood of unemployment. I then average the five measures

to the 23 aggregate categories weighted by the number of college graduates working in each narrowly defined

occupation.

Ideally, individuals’ rational expectation about an occupation is best described by the occupational

attributes at the time they choose the job. The start time, however, is not available in the ACS. Because

most students graduate from college at the age of 22 to 24 and because many start to work full-time right

11Appendix Section A.1.1 offers more information about the group-mean method.
12 In the ACS sample, about 4% are out of the labor force, and about 3% are unemployed.
13Occupation categorization is described in more detail in the Appendix Section A.1.2.
14 I measure the years of experience for individuals engaging in various occupations because the census occupational classi-

fication includes executive and managerial jobs as a separate category where promotion to these positions largely depends on
performance and experience.
15The census provides the occupational income score, which assigns each occupation a value representing the median total

income of all individuals with that particular occupation. Because I focus on the highly educated individuals, I modify the
score to be the median total income score among all college graduates with each occupation.
16Work experience is calculated as years of experience = age - years of education - six.
17The training cost of each occupation is assigned by the median educational attainment of individuals with a college degree

who work in that occupation. Certain occupations, such as physicians and professors, require additional training beyond college.

9



afterward, I match individuals to the occupational measures derived from a census year that is closest to

their potential year of labor market entry.18

Table 2 displays the mean attributes of the 23 occupational categories. Among all categories, doctors and

lawyers enjoy the highest income and the best job security but require the most training and longest hours

of work. General executives, managers, architects, and engineers are also remunerative jobs. As expected,

executive and managerial jobs are associated with most years of experience. Household and other service

workers, as well as laborers, are paid the lowest. The unemployment rate is the highest among the laborers.

Table 3 presents the fraction of individuals working in each job category by generation. The majority

of the work in this sample is in managerial and professional jobs. The share of individuals working as

managers and executives (over 20%) is the highest for all three generations. Individuals who are employed

in management-related jobs, architect and engineer jobs, and sale representative jobs also make up sizable

proportions. The occupational selection patterns are analogous for the 1.5 generation and native-born

Americans. Compared to the other two groups, first-generation immigrants are more likely to engage in

non-professional jobs or work as professors, scientists, and engineering and science technicians.

5.3 Occupational Wage in Origin Countries

The data on wages by occupation in different countries come from the Occupational Wages around the World

Database (OWW) by Richard B. Freeman and Remco H. Oostendorp. This dataset contains wage data for

161 occupations in 171 countries from 1983 to 2008. The average hourly and monthly wage rates for adult

workers in each occupation are documented in both local currency units and US dollars.

I employ hourly wages with country-specific calibration in US dollars. To ensure that occupational wages

are comparable across nations and over time, I adjust the data using the purchasing power parity conversion

factor obtained from the World Bank International Comparison Program Database. Since the absolute wage

rate may capture the cross-country income disparity, I normalize the wage rates to have a mean of zero and

a standard deviation of one within each country per year.

Next, I convert the classification of occupations in the OWW data to the 1990 Census Bureau occupational

classification and group the narrowly-defined occupations into the 23 categories discussed previously. I use

the mean wage rate in a category as a measure of the categorical wage rate. I link each birth cohort in the

ACS sample to the country-of-origin wage distribution during the period when the cohort members were

about 25 years old, around the time that they entered the labor force.19 Using past country-of-origin wages

may also help minimize the effect of potential return migration on current occupational choices.

Table 4 shows the summary statistics of occupational wages in the source countries covered by the

ACS sample, with and without standardization. Forty-nine countries are included. There is substantial

heterogeneity in both the actual and standardized categorical wage rates. While the majority of heterogeneity

is between countries, the variation over time is also sizable. Figure 1 depicts the average standardized wages

between 1983 and 2005 in eight countries that have the most observations in the ACS sample; the figure shows

a considerable discrepancy in the wage distribution across nations. The occupational wage distributions in

the 49 countries deviate from the US wage distribution to various degrees. The correlation between US wages

18 Individuals who were born between 1956—60 are matched to 1980 occupational attributes; those born between 1961—70 are
matched to 1990 attributes; those born between 1971—80 are matched to 2000 attributes; those born after 1980 are matched to
2010 attributes.
19Explicitly, I link birth cohort 1956-60 to origin wages (averaged by period) in 1983-85, cohort 1961-65 to origin wages in

1986-90, cohort 1966-70 to origin wages in 1991-95, cohort 1971-75 to origin wages in 1996-2000, cohort 1976-80 to origin wages
in 2001-05, and cohort 1981-85 to origin wages in 2006-08, respectively.

10



and standardized wages in other countries has a mean of 0.6 with a minimum of 0.09 (Costa Rica, 1983-85)

and a maximum of 0.85 (Finland, 1986-90).

Admittedly, ethnic groups in the US may face differential compensating wages. If the origin-specific wage

distribution in the US market is correlated with the wage distribution in one’s country of origin, the latter

may pick up the effect of the former. To address this issue, I calculate the US occupational wages by ethnic

origin in the same manner as I calculate the national average US wage. Figure 2 exhibits the correlation

between the origin-specific US wage and the national average US wage in teal and the correlation between the

origin-specific US wage and the wage in the origin country in red. The origin-specific wage distributions in

the US are more comparable to the national average US wage distribution than are those in other countries.

5.4 Other Origin Characteristics

To better rule out the probability that the origin wage income picks up the effect of unobserved heterogeneity

across ethnic origins, I collect a number of origin-country characteristics that may affect selective migration.

These characteristics include democracy status, state of war, share of the labor force in agriculture, GDP

per capita, Gini coeffi cient, average educational attainment among the adult population, distance to the US,

and whether English is an offi cial language (Betts and Lofstrom, 2000; Borjas, 1987; Lewer and den Berg,

2008).

The data on these characteristics are gathered from various sources.20 Except for distance to the US and

whether English is an offi cial language, I calculate the averages for these variables for each period specified

for the OWW data and match the averages to the six birth cohorts in the ACS sample. Summary statistics

of these origin characteristics are displayed in Table 1.

6 Origin Wage Distributions and Occupational Choices

6.1 Main Results

This section investigates the link between the occupational wage distribution in origin countries and the job

selection of individuals in the US. For easier comparison, in all the regressions that follow, I normalize the

five occupational attributes measured in the US to have a mean of zero and a standard deviation of one

across categories and cohorts; I normalize the standardized origin occupational wage to have a mean of zero

and a standard deviation of one across countries, periods, and categories.

I begin with a parsimonious specification that includes only the five US occupational attributes and then

introduce the origin occupational wage to the regression. I perform the same set of regressions on the three

generations and report the results in Table 5. All the regressions are estimated by the conditional logit model

and weighted by the ACS person weight. The robust standard errors are clustered at the origin-cohort level.

As shown in the odd-numbered columns in Table 5, the relative weights placed on the five attributes by

different generations are analogous and consistent with the findings in the literature (Boskin, 1974; Dolton

et al., 1989; Arcidiacono, 2004). Specifically, individuals view monetary income as positive but training

costs and hours of work as negative. Compared to later generations, first-generation immigrants disvalue

required years of education and the chance of unemployment less, presumably as a result of the obstacles they

encounter in the labor market. This pattern may align with the phenomenon of immigrants’downgrading

discussed in Dustmann and Preston (2012) and Dustmann et al. (2016).

20More details about the data sources are provided in the Appendix Section A.1.3.
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The origin occupational wage displays a positive and significant impact on the job selection of all three

generations. The estimates suggest that individuals are more likely to go for a job which is associated

with higher monetary rewards in their origin society, conditional on the job characteristics they directly

confront in the US. The importance of the origin wage declines over generations. The estimated coeffi cient

is significantly larger for the first generation than the two other generations.

Since the magnitudes of the estimates from the conditional logit model are not readily interpretable, I

calculate the change in the predicted probability to select one of the 23 occupation categories, if, ceteris

paribus, the wage of that category in the country of origin grows by one standard deviation. The simulated

data suggest that a one standard deviation increase in the origin wage predicts the average likelihood to

choose a job category to grow by 0.5 percentage point (11%) for a first-generation immigrant, 0.2 percentage

points (5%) for a 1.5-generation immigrant, and 0.1 percentage points (3%) for a native-born American.

The predicted marginal effects might verify that origin occupational wage distribution plays an economically

important role in the occupational choices of immigrants and their offspring in the receiving country.

Next, I allow the weights placed on occupational attributes to vary by person so that the heterogeneous

motivation or endowments across individuals can be taken into account. For straightforward interpretation, I

normalize the individual-specific characteristics (except for the year and country-of-origin dummies) to have

a mean of zero and a standard deviation of one by generation. Hence, the main effects of the occupational

attributes, including origin occupational wage, stand for the weights that an individual of mean characteristics

in a generation (from the baseline country, i.e., UK) assigns to them in the baseline year (2000).

I start by controlling for an individual’s age, disability, English proficiency, years in the US (for the

first generation only), and year of survey. The interactions between occupational attributes and parental

characteristics (i.e., parental income, education, and number of siblings),21 origin country characteristics

(i.e., the GDP per capita, Gini coeffi cient, average educational attainment, war, democracy, share of the

labor force in agriculture, distance to the US, and whether English is an offi cial language), and origin-country

dummies are added to the regressions one by one. I incorporate the parental ethnic network in the latter three

specifications as well. Table 6 presents the estimated main effects of the US and country-of-origin wages.

The estimates on the origin occupational wage, as well as the simulated marginal effects in columns 1-3,

resemble those in Table 5. However, when country-of-origin fixed effects are introduced in the last column,

the standard errors increase dramatically, and the estimated coeffi cients become insignificant, possibly due

to a lack of temporal variation in wage distributions of origin countries.

As discussed in Section 3 (Conceptual Framework), a positive link between the origin wage and one’s US

job choice may result from unobserved advantages (due to specialization of higher-paying jobs or the positive

selection of migrants), the prospect of return migration, cultural norms (if a high-earning job is associated

with a high cultural status in the source country), or information friction. Notably, both the 1.5 generation

and native-born Americans probably have no first-hand experience of their country-of-origin labor markets.

Nor would many of them view the origin countries as future destination markets. Therefore, conditional on

family backgrounds, ethnic networks, and selective migration, origin occupational wages are less likely to

affect the two later generations through origin-specific human capital or potential return migration but are

more likely to exert an effect via norms or misinformation.

The interpretation, however, is more complicated for the first generation. First, there is substantial

heterogeneity in the education path of first-generation immigrants that the current control set may fail

21The parental characteristics are not in the control set for the first-generation immigrants as the group means derived from
the population in the US are potentially poor proxies.
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to capture. Second, the job selection of non-US citizens may be restricted by US immigration policies.22

Occupations of first-generation immigrants may reflect the preferences or ability of US employers to hire

workers from certain countries via H-1B visas. As a result, occupational choices of the first generation may

not be comparable to those of the other two generations.23

6.2 Robustness

I explore modifying the regressions in Tables 5 and 6 in various ways to test the robustness of the results.

First, to better disentangle the intergenerational human capital transmission from other channels, I use

an alternative dataset, the 1972-2008 General Social Survey (GSS). The GSS is a much smaller dataset

but allows the controls of respondents’ parental education, occupation, and other family characteristics.

Second, I employ a nested logit model that does not impose the independence of irrelevant alternatives (IIA)

assumption as the conditional logit model. The former also addresses the concern that estimates from the

conditional logit model primarily pick up the difference across broad nests instead of across occupations.

Third, to eliminate the possibility that origin wages capture measurement errors in US wages, I conduct

two tests: (1) I perform a falsification test that randomly assigns "origin" and "cohort" to individuals and

links them to the origin wages based on the given origin and cohort; (2) I replace US occupational wages

constructed from the census data by US wages from the OWW database. The latter may be more analogous

to the origin wages derived from the same data source. Finally, to justify the assumption that occupational

wages in the origin country at the age of 25 affect one’s current occupation, I test specifications where

I employ the origin wage of alternative periods: the wages during the period of emigration for the first

generation, wages prior to college, and the current wages that may be more relevant than previous wages to

potential return migrants. All the robustness checks yield reassuring results. Appendix Section A.2 provides

more details about these tests.

6.3 Assimilation

Immigrants assimilate into a receiving society with the time they spend there. All four channels discussed

previously may predict a declining part of the origin occupational wage in immigrants’US job choices. A

slow acquisition of US-specific human capital and information about local labor markets, as well as a growing

identification with US culture, may help increase the relevance of immigrants’skills in their occupational

choice and boost the economic returns to such skills. Return migration may also become less likely over time

as immigrants become more attached to the US, both economically and socially.

Table 7 inspects the role of immigrant assimilation, as captured by the number of years a first-generation

immigrant has lived in the US. The first two columns repeat the regressions in columns 2-3 in Table 6.24

The last two columns replace the number of years in the US with the log number of years. As expected,

the interaction effect of origin occupational wage is negative and significant in all the specifications. When

22 In the sample, about 45% of first-generation immigrants have naturalized, and about 87% of 1.5 generation have naturalized.
23 In response to the two abovementioned issues, I replicate the regressions in columns 2-3 Table 6 (1) excluding individuals

who migrated before the age of 18, as there may be substantial heterogeneity in education and motivation for migration among
this group and (2) restricting the sample to the first-generation immigrants who have naturalized. Appendix Table A3 presents
the results. The estimates are comparable to those in Table 6 and may thus suggest that neither differential education path
nor visa policies drive the positive link between origin wages and first generation’s occupational choices in the US.
24The regressions in columns 2-3 Table 6 control for the years in the US by including the interactions between the six

occupational attributes and the standardized number of years in the US. For a more straightforward interpretation, I use the
actual number of years in the US in this table. So the estimated main effects and interaction effects of the origin wage are
slightly different.
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individual characteristics, ethnic networks, and origin characteristics are accounted for, column 2 suggests a

1% decrease in the importance of origin wage if an immigrant stays in the US for an additional year; column

4 suggests a 10% decrease given a one standard deviation increase in length of time in the US from the

sample mean (a 61% increase). These modest changes may imply slow economic convergence of immigrants,

as argued by Abramitzky et al. (2014) and Abramitzky et al. (Forthcoming).

Notably, departures of negatively selected return migrants may be another explanation besides the previ-

ously referenced channels Abramitzky et al. (Forthcoming). A higher weight placed on the origin occupational

wage may imply a more serious skill-job mismatch and thus a lower income. As a result, immigrants who

rely more on their country-of-origin wage distribution may display a higher chance of return migration and

a shorter stay in the US.25

7 Potential Mechanisms

This section explores the possible channels through which wage distributions in origin countries affect the

occupational choices of individuals in the US. Given data limitations, the current analysis can differentiate

among a few of the potential mechanisms, but not among all of them. I will discuss this issue in more depth

in Section 9.

7.1 Unobserved Advantage

In considering the positive link between origin wages and immigrants’occupational choices in the US, one

possibility is that the country-of-origin wage standing represents the unobserved opportunity or advantage

of a group to work in an occupation that the current control set fails to capture. Therefore, in this section,

I investigate whether the origin wages are predictive of a person’s actual salary conditional on the average

wage structure of US occupations. If individuals appear to earn more in an occupation that pays relatively

better in their origin country, the positive effect of origin wages may be explained by inherited traits, job

specialization, selective migration, or networks that make one ethnic group more productive than other

groups in that occupation.

Table 8 presents regression results. The dependent variable is a person’s annual wage and salary income.

The variable of interest is the wage of an individuals’chosen occupation in the country of origin. The US

wage of that occupation, as well as the same set of individual characteristics, parental characteristics, and

origin characteristics (see Table 6), are controlled for. The even-numbered columns include the origin fixed

effects, but the odd-numbered columns do not. All the regressions are estimated by OLS, weighted by the

ACS person weight, and the standard errors are clustered at the origin-cohort level.

The estimated coeffi cient on the origin wage is positive but insignificant for the first generation. Notably,

the estimates for the first generation may be positively biased because the controls for parental characteristics

are not present. Among the later generations, however, engaging in an occupation that was more profitable

in the origin country predicts lower actual earnings in the US, though the estimate is only statistically

significant for the native-born. In particular, one standard deviation increase in the origin occupational

wage is associated with about $1,900 to $2,500 less in a native-born American’s annual income, representing

2-3% of the sample average wage and salary income. These results may help rule out the probability that

25 In a similar vein, I investigate if the effect of the origin wage varies by age at migration. I find that the link between origin
wage and US occupational choice is stronger if individuals migrated at a later age. Appendix Section A.3 covers more details
about this test.
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the unobserved advantage explains why individuals in the US self-select into jobs that were more lucrative

in their countries of origin.

There may be two explanations for the negative connection between origin wage and individuals’realized

US income. First, consistent with the theory that people migrate to maximize the returns to their skills

(Borjas, 1987), adverse selection may exist in occupations that were better-paid in the countries of origin,

whereas positive selection may occur for the lower-paid occupations. Second, keeping return migration as

an option, immigrants may have a lower incentive to assimilate and to invest in human capital in the US

(Schaeffer, 1995). The more lucrative the current occupation is back home, the better the outside option that

individuals face, and the lower incentive they have to accumulate human capital. Deficient human capital

investment leads to lower productivity.

7.2 Knowledge and Information

This section uses the Knowledge of World of Work (KWW) survey to probe the role of information. The

KWW is a part of the National Longitudinal Survey of Youth 1979 Children and Young Adults (NLSY79

Child/YA). The survey asked individuals aged 14-24 a series of questions concerning commonly held jobs.

Presumably, these people had limited hands-on experience with these jobs at the time of the survey. Their

impression of occupations may depend on how they were taught by their parents, as well as the influence

of their ethnic community. If the ways in which young individuals view different occupations is associated

with the occupational wages in their countries of origin, it may be information transmission that explains

the connection between origin wage distribution and job selections of immigrants and their descendants in

the US.

I focus on a set of six questions which ask the respondents to pick one out of two occupations that they

think offers a higher wage. The six questions cover nine of the 23 occupational categories.26 ,27 Because

the KWW questions compare occupations by pair, ranking the perceived earnings of the nine occupational

categories is diffi cult. Nevertheless, within each pair, if an ethnic group considers option A pays more than

option B, the share of the young people in that group choosing A over B would be larger. The greater the

perceived earning gap between these two jobs, the more significant the difference in the propensities to select

one over the other.

I pool the answers to the six KWW questions together. Since choosing one option in a question necessarily

means not choosing the other, I start by focusing only on whether a respondent selects option A (as listed in

the KWW questions). I generate a binary indicator and regress it on the US and country-of-origin wages28

of the occupation in question (i.e., option A) and those of the occupation of comparison (i.e., option B).

The results are shown in columns 1-3 of Table 9. Columns 1 and 2 control for respondents’gender, age, and

the year of survey; column 3 controls for individual fixed effects. I also add to the control set the question

fixed effects in the latter two columns. The regressions are estimated by OLS, and the robust standard

errors are clustered at the origin-by-question level. The answers to the KWW questions conform to the wage

26Mentioned occupational categories include: (1) Architects/Engineers, (2) Doctors/Lawyers, (3) Health Assessors/Teachers,
(4) Sales Clerks, (5) Protective Service, (6) Household/Other Service, (7) Mechanics/System Operators, (8) Construction
Trades, and (9) Machine Operators/Drivers. More detailed information about the survey is provided in Appendix Section
A.1.4.
27As before, I dismiss the origins with fewer than 10 observations. A total of 2,215 individuals from 12 countries of origin

are included accordingly, both males and females. Appendix Table A1 displays the included origin countries. Despite the much
smaller set of origin countries, these countries represent the ones with a large number of observations in the ACS. Moreover,
members of the KWW sample were born between 1970 and 1983 and may resemble the fourth and fifth cohorts in the ACS
sample. But I cannot tell whether they were foreign- or native-born.
28 I use the average standardized occupational wages from 1983 to 1995 in the regressions in Table 9.
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distribution in the US: If the US wage is held constant, the origin wage appears predictive of how individuals

rank occupational earnings in the KWW. In particular, a one standard deviation increase in the origin wage

of option A leads to a 0.7 percentage point increase in the probability that a respondent chooses A over B.

The estimates on the origin wage of option B are not significant.

In case the designation of "option A" listed in a question affects the estimation results, I consider whether

individuals pick one specific occupation (either A or B) as the outcome. I then regress the choice on US

and country-of-origin wages of both occupations in the question. I replicate the regressions in the first three

columns and display the results in columns 4-6 of Table 9. The results suggest that respondents would view

an occupation as more lucrative in the US if the occupation was associated with a higher country-of-origin

wage rate, or if the comparison was less financially rewarding in the origin country: given a one standard

deviation increase in the origin wage of an occupation (relative to the comparison occupation), the chance

that an individual views the occupation as more profitable than the comparison increases by 16 percentage

points, a change much larger than that estimated in the first three columns. These results may support the

argument of information friction.29

Nevertheless, two caveats are worth noting. First, the sample surveyed in the KWW is rather small.

Only a limited number of origin countries and occupations are involved. Second, the KWW questions ask

respondents to compare the earnings of narrowly-defined jobs rather than occupational categories. Though

the wage income of jobs within the same category may be relatively comparable, the jobs referenced in the

questions do not necessarily offer a wage close to the categorical mean.

8 Individuals with Different Educational Levels

Individuals’educational decisions can be endogenous to their occupational choice. It is possible that the

college attendance rate of the US population varies by national origin in a way that is relevant to country-of-

origin wage distribution. Also, Dustmann and Preston (2012) point out that immigrants tend to downgrade

in their occupations upon arrival, and this phenomenon is particularly stronger for skilled workers. Hence,

restricting the sample to individuals who hold a college degree or above may impose interpretation issues.

The less-educated make up an essential portion of immigrants. The relationship between origin-country

wages and US occupational choice may vary by education. For instance, less-educated immigrants may

encounter greater language barriers and have more diffi culties learning about the local labor market than

better-educated ones do. Information friction can thereby be a more severe problem for low-skilled immi-

grants to find employment. Thus they may rely on their origin wages more in selecting jobs. Meanwhile,

immigrants with a lower level of human capital are more likely to change occupation upon arrival based on

the existing opportunities of their ethnic networks (Lafortune and Tessada, 2012). If so, origin occupational

wage may appear less important to these people.

Accordingly, I expand the sample to include individuals with at least a high school degree or a certificate

of high school equivalency (GED) in this section. I choose a high school degree as the sample criteria for

two reasons. First, the job choices available to high school dropouts can be minimal. Their actual jobs are

more likely a result of access instead of a discretionary decision. Second, examining people with at least a

29 I conduct two sensitivity tests to rule out the possibility that the origin occupational wages capture additional relevant
information that is not incorporated in the average US wage, such as regional wage differences. First, I replace the national
averages of US wages using the regional averages in the analysis just described. Four US regions are considered: Northeast,
North Central, South, and West. Second, I restrict attention to occupation pairs with unambiguous wage ranking across states
in the US and exclude the answers to questions 1 and 3, accordingly. I replicate the regressions in columns 3 and 6 of Table 9
and report the results in Appendix Table A10. The results are reassuring.
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high school degree sets a lower boundary on the unobserved ability so that comparison within the sample is

meaningful.

The set of possible occupations available to individuals can be confined by their know-how, market expe-

rience, location, and social networks. Many of these factors are unobservable to econometricians. Compared

to college graduates, low-skilled workers may face a more restricted choice set because of their qualifications

and ability.30 However, since each occupational category in the data covers multiple narrowly-defined jobs,

most categories involve workers of all educational levels. So excluding certain occupations from the choice

set for workers with less education would be inappropriate.

Consequently, I employ a nested logit model instead of a conditional logit model in this section. A nested

logit model assumes choice proceeds through a set of "nested," similar alternatives rather than regarding all

occupations as elements of a single choice set. The 23 job categories are grouped into two nests: professional

jobs and non-professional jobs. Professional jobs are generally linked to higher income and more years

of training than non-professional jobs. I assume years of schooling and other individual characteristics,

including age, disability, English proficiency, and years in the US (for the first generation only), determine

the propensity to choose a nest, while origin occupational wage matters to choice within a nest conditional

on the same set of parental characteristics, ethnic network, and origin characteristics as those controlled

in Table 6. I also use US occupational measures which are derived corresponding to each education level

(i.e., high school degree, some college, and college degree or above). Table 10 presents the estimates from

this exercise for the three generations.31 Educational attainment appears to positively and significantly

predict an individual’s likelihood to work in professional jobs. The estimate on origin occupational wage

stays positive and significant. The calculated marginal effects of a one standard deviation increase in origin

wage display a declining trend over generations. Compared to column 3 of Table 6, the marginal effects

are slightly smaller for all three generations, while the interpretations of the coeffi cients are not perfectly

comparable.

To provide a direct comparison to the baseline results, I also run the conditional logit regressions on

individuals with a high school degree, some college, and a bachelor’s degree separately. The estimates

suggest a negative effect of origin wage on non-college graduates, and the effect increases with educational

attainment.32 While some channels proposed in Section 3 (Conceptual Framework) predict a negative

connection between origin wage and US occupation, the possibility that the negative coeffi cients reflect the

constraints in the occupation choices available to lower-skilled workers cannot be ruled out. Relative to

their higher educated counterparts, these people are more likely to work in jobs that require less training

but are also associated with lower income. Such jobs may be at the lower end of the country-of-origin

wage distribution as well. Notably, the regression results reveal a positive weight placed on hours of work

among people without a college degree, regardless of generation, and a positive weight on the likelihood of

unemployment among first-generation non-college graduates and native-born high school graduates. These

findings controvert theoretical predictions (Boskin, 1974; Dolton et al., 1989; Arcidiacono, 2004) and may

indicate a restricted choice set. Therefore, the nested logit model may be a more appropriate choice in

this setting. To conclude, when workers of all education levels seek employment among the set of jobs that

30The Bureau of Labor Statistics (BLS) provides information about education and training requirements for narrowly-defined
occupations. Based on the projections data of BLS on occupational entry-level education, over three-quarters of professional
jobs require a bachelor’s degree or above, while less than 2% of non-professional jobs require a bachelor’s degree. Source:
https://www.bls.gov/emp/tables/education-and-training-by-occupation.htm
31Since the full sample is much larger now, I randomly select around 3,000 individuals from each ethnic origin among the

first generation and the native-born Americans for the origins with the number of observations that well exceeds 3,000 given
computational capability.
32Appendix Table A10 displays the results.
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are potentially accessible to them, they appear more likely to take up jobs that were better-paid in their

countries of origin.

9 Conclusion and Discussion

This paper finds that occupational wage structures in origin societies are predictive of the job selection of

immigrants and their descendants in the US. Ceteris paribus, individuals are more likely to take up a job in

the US that was associated with higher monetary earnings in their country of origin. The weight assigned

to the origin wage declines monotonically as individuals assimilate into the host society; i.e., spend more

time in the US or move to later immigrant generations. Even so, occupational patterns of later generations

retain a distinctive mark from the labor market of their ethnic origins. The positive connection between the

origin wage and the US job choice is less likely to result from unobserved advantage. Instead, information

asymmetry between immigrants’skills and local labor demands may explain this connection. Misinformation

implies a welfare loss due to a worker-job mismatch. Thus policies that facilitate information circulation

may help immigrants overcome assimilation hurdles and avoid the potential economic and social costs of

suboptimal investment in human capital of the later generations.

In considering these results, a few limitations need to be addressed. First, given data restrictions, this

paper cannot differentiate all the possible mechanisms listed in Section 3 (Conceptual Framework). The test

on the relationship between individuals’actual income and the origin wage of their chosen job, combined with

a robustness check using the current wage rates in the country of origin, provide suggestive evidence that

potential return migration may explain the empirical patterns. However, a formal test of this relationship can

prove challenging. The current dataset does not provide any information on immigrants’intention to return

home. Factors that may predict immigrants’propensity to return, such as years in the US, refugee status,

and economic and political factors in the origin country (Rooth and Saarela, 2007; Dustmann et al., 2011),

will inevitably capture other unobserved variations. Similarly, while social norms and cultural attitudes

remain a plausible explanation, a clean proxy for cultural intensity to test this hypothesis is, again, diffi cult

to obtain. If data on international scales of occupational status become available, one relevant question for

future research is whether occupational prestige in the country of origin predicts US occupational choice,

over and above the origin-country wage. Conditional on wage, prestige has the benefit of being relatively

uncontaminated by all the possible labor-related channels. If origin occupational prestige is predictive of

occupational choice, that would be supportive of an interpretation that relies on cultural norms.

Second, this paper treats occupational wage distribution as exogenous. Migration may impact the wage

structure of both the receiving country and sending country (Card, 2001) , and wages might increase in a

country in occupations that observe a massive outflow of workers. As a result, those occupations may be

precisely the ones overrepresented among immigrants in the US. Nevertheless, dramatic wage changes can

only happen in countries where the emigration rate (in an occupation) is large enough. Since occupational

categories used in this paper are broadly defined, and since the emigration rates of countries in the sample

are not high overall, the dynamic origin wage is less of a concern. Moreover, the origin wage is insignificant in

most specifications when the origin fixed effects are controlled for; this implies a lack of temporal variation.

Lastly, ethnic enclaves and social networks serve as a critical medium for information flows. Social

networks may provide immigrants with access to labor market niches and acquisition of new skills, possibly

through information sharing. At the same time, ethnic enclaves may also limit employment opportunities

if residents are isolated from information about the broader labor market (Warman, 2007; Abramitzky and

18



Boustan, 2017). How pre-migration market experience interacts with ethnic networks in the US is essential

to the understanding of immigrants’search for employment, occupational choices, and assimilation. Though

the current datasets do not allow distinguishing between the endogenous choices of occupation and location,

this relationship generates an important policy question worth future research attention.
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Tables and Figures

Figure 1: Occupational Wage Distributions in Eight Countries - Standardized Wage
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Table 1: Summary Statistics on Different Generations
First Gen. 1.5 Gen. Native-born

Variable Mean SD Mean SD Mean SD
Individual Characteristics
Age 43.4 5.22 43.2 5.27 43.3 5.33
Disability (=1) .022 .148 .031 .172 .028 .165
Speaking English (=1) .925 .263 .991 .092 .996 .064
Years of Schooling 17.3 1.72 17.1 1.56 17.1 1.55
Years in US 16.4 9.98 - - - -
Age at Migration 27.0 9.50 - - - -
Annual Wage Income ($1000) 89.8 95.6 101 95.4 102 99.4

Parental Characteristics
Parental Education - - 13.8 2.89 14.0 2.69
Parental Income ($1000) - - 36.7 7.22 37.3 6.55
No. of Siblings - - 1.21 2.01 1.03 2.04
Ethnic Network (%) .044 .051 .044 .050 .043 .048

Origin Characteristics
Democracy .572 .451 .720 .416 .662 .452
State of War .018 .065 .007 .045 .009 .047
% Labor in Agriculture (%) 40.4 22.3 31.2 25.5 30.1 21.6
GDP per Capita ($1000) 4.94 3.88 6.71 4.25 6.90 4.05
Gini Coeffi cient (%) 38.3 15.3 29.2 14.9 27.0 14.9
Mean Educational Attainment 4.19 2.41 5.38 2.32 5.47 2.22
Distance to US (1000km) 6.35 3.66 6.74 3.60 6.80 2.98
English Offi cial Language (=1) .231 .421 .369 .482 .187 .390
No. of Individuals 35,689 18,736 31,199
No. of Origins 49 49 49

Note: The individual annual wage income is reported in thousands of 2000 US dollars. The
parental income is reported in thousands of 1950 US dollars. The origin country’s GDP per capita
is reported in thousands of 1990 Geary-Khamis dollars. The summary statistics are weighted by
the ACS person weight.
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Table 2: Occupational Attributes in the US
Occupational Attributes

Occupation Wage Exper. Hours Educ. %U/E
Managerial and Professional
General Executives/Managers 818 12.8 47.2 16.8 1.47
Management Related 667 11.3 44.3 16.7 1.54
Architects/Engineers 660 11.2 43.3 16.8 1.19
Professors/Scientists 543 10.2 41.8 18.3 1.50
Doctors/Lawyers 1060 9.68 50.1 19.5 .590
Health Assessors/Teachers 488 11.5 42.4 17.1 1.00
Social Workers 381 11.2 44.0 17.3 1.61
Writers/Artists/Athletes 537 10.9 42.4 16.7 3.58
Engineering/Science Technicians 612 10.7 41.9 16.7 1.86
Health/Legal Technicians 463 9.42 41.4 17.3 2.10

Non-professional
Sales Representatives 723 11.9 46.4 16.4 1.88
Sales Clerks 445 10.6 41.3 16.6 3.87
Offi ce Clerks/Health Service 433 10.2 41.5 16.7 3.65
Administrative Support 519 11.8 43.0 16.5 1.78
Protective Service 526 11.8 44.4 16.4 1.40
Household/Other Service 304 10.0 40.0 16.6 5.28
Farmers 379 11.7 50.5 16.4 3.02
Mechanics/System Operators 559 12.1 45.1 16.5 2.70
Repairers/Precision Workers 480 11.7 43.2 16.4 3.32
Construction Trades 380 11.3 41.6 16.5 7.10
Heavy Machine Operators 519 11.7 45.2 16.4 4.46
Machine Operators/Drivers 389 11.4 42.8 16.5 5.37
Laborers 355 10.5 40.5 16.5 8.74

Mean 532 11.1 43.7 16.9 3.00
Standard Deviation 188 1.44 2.87 .740 2.17
Note: Reported occupational attributes are the averages across periods. The occupational
wage is in 1982-84 US dollars. The fraction of the unemployed is displayed in percentage
points.
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Table 3: Shares of Individuals in Various Occupational Categories
Occupation First Gen. 1.5 Gen. Native-born
General Executives/Managers 21.6 22.9 22.8
Management Related 6.32 8.29 8.69
Architects/Engineers 11.2 11.39 9.76
Professors/Scientists 8.15 4.92 4.76
Doctors/Lawyers 5.10 8.53 8.60
Health Assessors/Teachers 4.02 6.35 7.29
Social Workers 1.95 2.31 2.12
Writers/Artists/Athletes 2.68 3.20 3.54
Engineering/Science Technicians 7.18 6.07 4.98
Health/Legal Technicians 1.12 1.03 .830
Sales Representatives 7.02 8.30 9.56
Sales Clerks 3.19 2.76 2.80
Offi ce Clerks/Health Service 2.18 2.04 2.05
Administrative Support 1.36 2.11 2.01
Protective Service 1.32 2.74 2.64
Household/Other Service 3.59 1.25 1.32
Farmers .790 0.55 1.05
Mechanics/System Operators 2.98 1.86 2.02
Repairers/Precision Workers .890 .530 .490
Construction Trades 1.75 .590 .660
Heavy Machine Operators .550 .400 .380
Machine Operators/Drivers 3.70 1.44 1.32
Laborers 1.35 .610 .530
No. of Individuals 35,689 18,736 31,199
No. of Origins 49 49 49
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Table 5: Origin Wage Distribution and Occupational Choices: Baseline
First Generation 1.5 Generation Native-born

Variable (1) (2) (3) (4) (5) (6)
Origin Occupational Wage .110* * * .052* * * .034* * *

(.014) (.015) (.012)
US Occupational Wage .902* * * .781* * * .994* * * .933* * * .896* * * .861* * *

(.065) (.059) (.057) (.060) (.035) (.036)
Years of Experience .214* * * .179* * * .244* * * .224* * * .246* * * .236* * *

(.034) (.035) (.034) (.036) (.018) (.018)
Hours of Working -.531* * * -.426* * * -.511* * * -.455* * * -.391* * * -.359* * *

(.057) (.054) (.037) (.043) (.025) (.025)
Education Required -.122* * * -.153* * * -.217* * * -.240* * * -.206* * * -.218* * *

(.035) (.034) (.043) (.043) (.023) (.024)
% Unemployed -.024 .002 -.492* * * -.483* * * -.506* * * -.500* * *

(.032) (.032) (.033) (.032) (.020) (.020)
Marginal Effect .470 .212 .138

[11.0%] [5.09%] [3.32%]

Difference in φ̂1 between Generations
t∆1,1.5 4.04* * *
t∆1,N 5.79* * *
t∆1.5,N 1.36

No. of Observations 818,372 818,372 429,915 429,915 715,817 715,817
No. of Origins 49 49 49 49 49 49
Log-likelihood/106 -11.8 -11.8 -5.21 -5.21 -8.56 -8.56
Note: * significant at 10%; * * significant at 5%; * * * significant at 1%. Regressions are estimated

by the conditional logit model, weighted by the ACS person weight. The dependent variable is

an indicator of choice among the 23 occupation categories. Robust standard errors in parentheses

are clustered at origin-cohort level. The reported marginal effects are the average percentage

point change in choosing one occupational category given a one SD increase in the standardized

occupational wage of that category in the origin country. The marginal effects are in percentage

points, with percentage changes reported in brackets.
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Table 6: Origin Wage Distribution and Occupational Choices: Additional Controls
(1) (2) (3) (4)

First Generation
Origin Occupational Wage .123* * * .119* * * .131* * * .111

(.014) (.015) (.013) (.092)
US Occupational Wage .956* * * .918* * * .957* * * .631

(.068) (.063) (.056) (.424)
Marginal Effect .525 .498 .547 .455

[12.4%] [12.0%] [13.3%] [11.1%]
No. of Observations 818,372 818,372 818,372 818,372
Log-likelihood/106 -11.5 -11.2 -11.1 -10.9

1.5 Generation
Origin Occupational Wage .043* * .050* * * .085* * * .147

(.021) (.019) (.017) (.103)
US Occupational Wage 1.08* * * .966* * * .959* * * -.040

(.072) (.062) (.051) (.381)
Marginal Effect .176 .203 .345 .614

[4.23%] [4.94%] [8.42%] [15.1%]
No. of Observations 429,915 429,915 429,915 429,915
Log-likelihood/106 -5.19 -5.13 -5.11 -5.06

Native-born
Origin Occupational Wage .027 .041* * .053* * * -.057

(.018) (.016) (.017) (.139)
US Occupational Wage .955* * * .843* * * .833* * * -.275

(.056) (.050) (.048) (.332)
Marginal Effect .109 .165 .213 -.218

[2.62%] [4.00%] [5.16%] [5.28%]
No. of Observations 715,817 715,817 715,817 715,817
Log-likelihood/106 -8.53 -8.46 -8.43 -8.37

Parental Characteristics No Yes Yes Yes
Ethnic Networks No Yes Yes Yes
Origin Characteristics No No Yes Yes
Origin Fixed Effects No No No Yes

Difference in φ̂1 between Generations
t∆1,1.5 4.78* * * 4.18* * * 3.17* * * .375
t∆1,N 5.45* * * 5.04* * * 5.20* * * 1.44
t∆1.5,N .834 .524 1.88* 1.61

Note: * significant at 10%; * * significant at 5%; * * * significant at 1%. Regressions are estimated

by the conditional logit model, weighted by the ACS person weight. The dependent variable is an

indicator of choice among the 23 occupation categories. Robust standard errors in parentheses are

clustered at origin-cohort level. Individual characteristics are controlled for in all the specifications.

Non-alternative-specific variables are introduced to the regressions by interacting them with the six

occupational attributes. For first-generation immigrants, parental income, education, and the number

of siblings are not included in the control set. The reported marginal effects are the average percentage

point change in choosing one occupational category given a one SD increase in the standardized

occupational wage of that category in the origin country. The marginal effects are in percentage

points, with percentage changes reported in brackets.
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Figure 2: Correlations between Occupational Wages in the US and Origin Countries

Table 7: Heterogeneous Effects by Years in US
First Generation

Variable (1) (2) (3) (4)
Origin Occupational Wage .155* * * .154* * * .244* * * .226* * *

(.023) (.020) (.031) (.029)
Origin Wage×Years in US -.002* * * -.001*

(.001) (.001)
Origin Wage×ln(Years in US) -.049* * * -.036* * *

(.010) (.009)
US Occupational Wage .918* * * .957* * * .921* * * .958* * *

(.063) (.056) (.063) (.056)
No. of Observations 818,372 818,372 818,372 818,372
Log-likelihood/106 -11.2 -11.1 -11.2 -11.1
Individual Characteristics Yes Yes Yes Yes
Ethnic Networks Yes Yes Yes Yes
Origin Characteristics No Yes No Yes
Origin Fixed Effects No No No No
Note: * significant at 10%; * * significant at 5%; * * * significant at 1%. Regressions are estimated

by the conditional logit model, weighted by the ACS person weight. The first-generation

immigrants are examined. The dependent variable is an indicator of choice among the 23

occupation categories. Robust standard errors in parentheses are clustered at origin level.

Non-alternative-specific variables are introduced to the regressions by interacting them with

the six occupational attributes.
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Table 8: Individual Wage Income
First Generation 1.5 Generation Native-born

Variable (1) (2) (3) (4) (5) (6)
Origin Occupational Wage .702 .554 -1.50 -1.57 -2.44* * * -1.92* * *

(.589) (.567) (1.40) (1.46) (.904) (.678)
US Occupational Wage 24.2* * * 23.3* * * 29.8* * * 29.3* * * 29.8* * * 28.9* * *

(1.11) (1.16) (2.20) (2.29) (1.14) (1.05)
Age .863* * * .505* * .790* * .820* .518 1.40* * *

(.208) (.209) (.325) (.424) (.315) (.291)
1(Disability) -14.5* * * -13.5* * * -15.8* * * -16.4* * * -22.7* * * -23.5* * *

(3.64) (3.43) (3.07) (3.20) (2.70) (2.70)
1(Speaking English) 14.4* * * 11.8* * * 14.1* * * 14.3* * * 12.6* * 11.9* *

(1.76) (1.46) (4.86) (4.81) (5.51) (5.91)
Years in US -.008 .106

(.134) (.144)
Parental Education .027 -1.39 -.015 -2.43*

(.772) (1.517) (.825) (1.26)
Parental Income .001 .001* .001* * .000

(.000) (.001) (.000) (.000)
No. of Siblings -.692* -.666* -.249 -.267

(.377) (.388) (.304) (.271)
Ethnic Network (%) 38.5* * 25.2* -15.48 -23.5 -20.4 -23.6

(14.6) (13.1) (33.3) (29.8) (18.0) (15.6)
Origin Fixed Effects No Yes No Yes No Yes
No. of Individuals 26,656 26,656 14,058 14,058 23,341 23,341
R-squared .212 .228 .195 .202 .177 .187
Note: * significant at 10%; * * significant at 5%; * * * significant at 1%. Regressions are estimated by

the OLS, weighted by the ACS person weight. The dependent variable is personal annual wage and

salary income (measured in thousands of 2000 US dollars). Robust standard errors in parentheses

are clustered at origin level. The regressions also control for year fixed effects, state fixed effects,

and origin-country characteristics. The even-numbered columns include origin fixed effects, but

the odd-numbered columns do not.
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Table 9: KWW Answers and Origin Occupational Wages
1(Choosing 1(Choosing Certain
Option A) Occupation)

Variable (1) (2) (3) (4) (5) (6)
Occupation in Question
Origin Occupational Wage .266* * * .008* * .007* .162* * * .162* * * .162* * *

(.076) (.003) (.004) (.051) (.051) (.053)
US Occupational Wage .034 .771* * * .768* * * .072* .071* .071*

(.056) (.109) (.114) (.036) (.036) (.038)
Occupation of Comparison
Origin Occupational Wage -.008 -.000 -.003 -.162* * * -.162* * * -.162* * *

(.108) (.004) (.004) (.051) (.051) (.053)
US Occupational Wage -2.45* * * -2.15* * * -2.15* * * -.073* -.074* * -.074*

(.090) (.055) (.064) (.036) (.037) (.038)
Question Fixed Effects No Yes Yes No Yes Yes
Individual Fixed Effects No No Yes No No Yes
F(Origin Wages of Both Jobs = 0) 6.41* * * 2.67* 2.61* 5.43* * * 6.05* * * 4.96* * *
No. of Observations 13,290 13,290 13,290 26,580 26,580 26,580
No. of Individuals 2,215 2,215 2,215 2,215 2,215 2,215
No. of Origins 12 12 12 12 12 12
R-squared .327 .619 .681 .283 .283 .284
Note: * significant at 10%; * * significant at 5%; * * * significant at 1%. Regressions are estimated by the OLS.

The dependent variable is a binary indicator which is one if a respondent selects a specific occupation (option

A in columns 1-3) in a question and zero otherwise. Robust standard errors in parentheses are clustered at

origin-by-KWW-question level. Individual’s age, gender, and the year of survey are controlled for in columns

1,2, 4, and 5.
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Table 10: High School Graduates and Above: Nested Logit
First Generation 1.5 Generation Native-born
Occ. Prof. Occ. Prof. Occ. Prof.
Choice Nest Choice Nest Choice Nest

Variable (1) (2) (3) (4) (5) (6)
Origin Occupational Wage .297* * * .305* * * .093* * *

(.017) (.038) (.026)
US Occupational Wage .961* * * 1.96* * * 1.15* * *

(.041) (.103) (.059)
Years of Experience -.747* * * -.436* * * -.565* * *

(.025) (.044) (.031)
Hours of Working .238* * * .032 .485* * *

(.036) (.084) (.051)
Education Required -1.08* * * -.788* * * -.652* * *

(.031) (.065) (.040)
% Unemployed -.586* * * -1.51* * * -1.03* * *

(.041) (.103) (.066)
Age .280* * * .284* * * .231* * *

(.033) (.063) (.039)
1(Disability) .025 .180* * * .077* *

(.029) (.059) (.037)
1(Speaking English) .349* * * .419* * * .061*

(.033) (.059) (.036)
Years of Schooling .422* * * .330* * * .369* * *

(.010) (.012) (.010)
Years in the US -.245* * *

(.032)
Marginal Effect .475 .290 .122

[11.3%] [6.70%] [2.79%]

Difference in φ̂1 between Generations
t∆1,1.5 .292
t∆1,N 9.43* * *
t∆1.5,N 6.67* * *
No. of Observations 1,287,977 861,166 1,112,602
No. of Individuals 59,210 39,458 52,006
Log-likelihood/104 -15.7 -10.6 -13.8
Note: * significant at 10%; * * significant at 5%; * * * significant at 1%. Regressions are estimated by

the nest logit model, weighted by the ACS person weight. Robust standard errors in parentheses

are clustered at origin level. The choice of the nest (professional vs. non-professional) is assumed to

depend on individual characteristics. Origin occupational wage, parental, and origin characteristics

are controlled for in all the specifications and are assumed to affect occupational choices within a

nest. For first-generation immigrants, parental income, education, and the number of siblings are not

included in the control set. All the US job characteristics are derived by education level. The reported

marginal effects are the average percentage point change in choosing one occupational category given

a one SD increase in the standardized occupational wage of that category in the origin country. The

marginal effects are in percentage points, with percentage changes reported in brackets.
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Appendix

A.1 Data Details

A.1.1 Group Mean Levels of Parental Characteristics

As the American Community Surveys (ACS) does not collect information on the parents of respondents,

I use a grouping estimation method (Card et al., 2000; Blau et al., 2013) to estimate the socioeconomic

backgrounds of the 1.5 generation and the native-born Americans in the sample. The group means are

derived from the population surveyed in the earlier censuses.33 I use factors that may affect children’s

human capital accumulation, such as educational attainment, family income, and the number of children.

The data matching is as follows. First, groups of "parents" are identified for each individual. For 1.5-

generation immigrants, their "parents" would be first-generation immigrants from the same country of origin

who were aged 20-40 in an immigrant’s year of birth and who migrated to the US no more than five years after

the birth year. For second- or higher-generation immigrants, their "parents" would be those, either foreign-

born or native-born, of the same ethnic origin who were aged 20-40 and lived in the US in an immigrant’s

year of birth. To avoid the potential problems of incomplete education and differential mortality, I examine

only individuals aged 20-60 as of the survey year. Then I calculate the mean levels of parental and family

characteristics adjusted for age and gender for each group of "parents."34 The summary statistics of parental

characteristics that match to my sample are reported in Table 1.

Admittedly, there is slippage in this grouping estimation method. The average parental socioeconomic

characteristics of the highly educated sample are likely to be higher than the adjusted group mean levels

obtained through the described approach due to positive human capital transmission (Solon, 1992). Because

of the substantial difference in educational attainment and income across racial and ethnic boundaries, the

parental socioeconomic characteristics may be underestimated by different degrees for different ethnic groups.

Nevertheless, the group mean levels capture the discrepancy in the human capital across ethnicities, which

is an essential input in the formation of one’s human capital (Borjas, 1995b) and is an indicator of the ethnic

human capital that helps individuals find employment (Fernandez and Fogli, 2009).

A.1.2 Occupation Categorization

The 383 three-digit coded occupations in the 1990 Census Bureau occupational classification scheme are cate-

gorized into 23 categories as follows: (1) general executives and managers such as legislators, chief executives,

public administrators, and mail superintendent; (2) management related occupations such as accountants,

underwriters, and personnel specialists; (3) architects and engineers; (4) scientists and professors, including

mathematicians, social scientists, and natural scientists; (5) doctors and lawyers; (6) health assessors, teach-

ers and librarians such as registered nurses, therapists and secondary school teachers; (7) social workers such

as recreation workers, clergy and religious workers; (8) writers, artists, entertainers, and athletes; (9) engi-

neering and science technicians such as electrical technicians, cartographers and airplane pilots; (10) health

and legal technicians such as practical nurses, dental hygienists and paralegals; (11) sales representatives

such as insurance agents, advertising agents and sales engineers; (12) sales clerks such as cashiers, retail

sales clerks and street vendors; (13) offi ce clerks and health service workers such as secretaries, interviewers
33Four censuses are used: 1960 1% Sample, 1970 1% Metro Sample, 1980 5% Sample, and 1990 5% Sample.
34The estimated group mean level is obtained by regressing the variable of interest on age, female, a year-of-survey dummy,

and a full set of origin dummies. The estimated group mean level for a certain origin is the predicted value for a 40-year-old
male from that nation surveyed in 1980. Besides, the number of children is estimated from only the group of individuals who
had children born to them.
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and dental assistants; (14) administrative support workers such as offi ce supervisors, computer operators

and expediting clerks; (15) protective service workers such as firefighters, police and sheriffs; (16) house-

hold and other service workers such as housekeepers, cooks and janitors; (17) farming, forestry, and fishing

occupations; (18) mechanics and system operators such as automobile mechanics, aircraft mechanics and

power plant operators; (19) repairers and precision workers such as offi ce machine repairer and miners; (20)

construction trades and craftsmen such as concrete and cement workers, engravers and bakers; (21) heavy

machinery operators such as ship crews, locomotive operators and crane operators; (22) small machine op-

erators and drivers such as printing machine operators, sawyers and bus drivers; and (23) laborers such as

construction laborers and stevedores.

A.1.3 Other Origin Characteristics

The origin characteristics data are from various sources. The information for democracy status, state of war,

and share of labor force in agriculture is acquired from the Wejnert’s Nations, Development, and Democracy

Dataset from ICPSR. The per capita GDP data are from GDP and Per Capita GDP by Angus Maddi-

son. The real GDP per capita is adjusted for purchasing power parity and expressed in 1990 International

Geary-Khamis dollars. The Gini coeffi cient data are obtained from World Bank Open Data. The educa-

tional attainment data are from the Barro-Lee dataset. Distance to the US is calculated as the number

of air kilometers between the home country’s largest city and the nearest US gateway (Los Angeles, Mi-

ami, or New York) using www.timeanddate.com. The information about nations’offi cial languages is from

en.wikipedia.org/wiki/List_of_offi cial_languages.

A.1.4 Knowledge of the World of Work Questions

The Knowledge of World of Work (KWW) survey, a part of the National Longitudinal Survey of Youth

1979 Children and Young Adults (NLSY79 Child/YA), is conducted on individuals aged 14 to 24. In the

years 1994, 1996, and 1998, the NLSY79 Child/YA asked the young adults a series of questions concerning

commonly held jobs. I focus on a set of eight questions regarding occupational earnings. Each question asks

respondents to pick one out of two occupations that they think offers a higher wage. The respondents are

also allowed to choose "Don’t know" or "Refuse to answer." For example, one such question is "Who do you

think earns more in a year? A person who is (A) a high school teacher or (B) a janitor."

Specifically, the questions compare: (1) automobile mechanic [mechanics/system operators]35 and electri-

cian [construction trades]; (2) medical doctor [doctors/lawyers] and lawyer [doctors/lawyers]; (3) aeronautical

engineer [architects/engineers] and medical doctor [doctors/lawyers]; (4) grocery store clerk [sales clerks] and

truck driver [machine operators/drivers]; (5) unskilled laborer in mill [laborers] and unskilled laborer in fac-

tory [laborers]; (6) lawyer [doctors/lawyers] and high school teacher [health assessors/teachers]; (7) high

school teacher [health assessors/teachers] and janitor [household/other service]; and (8) police offi cer [pro-

tective service] and janitor [household/other service]. Since the second and fifth questions contrast a pair of

occupations that are in the same category, I exclude these two questions from the analysis.

Table A2 presents the summary statistics of the share of respondents of each ethnic origin selecting a

certain occupation mentioned in the KWW questions.36 Noticeably, in some pairs of occupations, such as

35The occupational category that a narrowly-defined job falls in is reported in the brackets.
36 I construct the adjusted share of individuals from an origin country choosing a certain option as follows: for each option

in every question, I generate a binary indicator of the choice of a respondent and then regress the indicator on a set of origin
dummy variables controlling for gender, age, and the year of survey. Accordingly, the coeffi cient on an origin dummy represents
the propensity of 16-year-old males of the origin country selecting that option in 1994.
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those in the latter four questions, one occupation is predominantly selected by individuals of all ancestries.

Yet variation exists across origins.

A.2 Robustness Checks

A.2.1 Human Capital Transmission

I employ an alternative dataset, the 1972-2008 General Social Survey (GSS), to better distinguish the effect

of unobserved human capital from other channels. The GSS is an opinion survey conducted annually in the

US by the National Opinion Research Center. In addition to providing data on occupation and ethnic origins

of a respondent, the GSS also documents information on a series of parental and family characteristics such

as both parents’educational attainment37 and occupations, household income when the respondent was 16,

and the number of siblings.

Because the number of individuals surveyed by the GSS is small, I expand the age range to include males

aged 25-64 with a bachelor’s degree or higher whose ethnic origin can be identified. The full sample includes

273 observations originating from 22 countries and regions.38 I make the following modifications since the

variables in the GSS are slightly different from those in the ACS: first, the ability to speak English is no

longer in the control set; second, I include both father’s and mother’s years of education and household

income when the respondent was 16; last, I control for the occupation of the respondents’father to better

isolate the intergenerational transmission of occupation-specialized human capital. Since the birthplaces of

parents are provided, but the age at migration is not available, I identify the second generation instead of

the 1.5 generation.

Columns 1, 3, 5 in Table A4 replicate the regressions in the first three columns in Table 6 with minor

changes.39 The even-numbered columns allow the effects of origin occupational wage to vary across genera-

tions, with the first generation as the baseline. The occupational wage in the origin country is positive and

significant in all the specifications. The estimates are larger than those obtained from the ACS sample, espe-

cially when the origin characteristics are controlled for. As in the ACS sample, the effect of the origin wage

is smaller for the two later generations than the first generation. However, the differences across generations

are not statistically significant. The father’s occupation is positively associated with one’s occupation, but

the estimate is not significant either.

A.2.2 Nested Logit Model

One concern is that the independence of irrelevant alternatives (IIA) assumption needed for the conditional

logit model may be violated. Accordingly, I estimate a nested logit model that does not require the same

assumption. I form two nests, one for professional and one for nonprofessional jobs. Individual characteristics

are assumed to determine the nest, whereas origin occupational wage, other occupational attributes, ethnic

networks, parental characteristics, and origin characteristics are assumed to affect selection within a nest.

Parental and origin characteristics are controlled for by interacting with them with the six occupational

attributes. Table A5 reports the results. Individuals with appropriate English proficiency and more years

37The variable of years of education of the respondents and their parents is top-coded at 20 in the GSS, which makes it not
entirely comparable to the years of education in the census.
38Origins included are Africa, Canada, China, Czechoslovakia, France, Germany, India, Ireland, Italy, Lithuania, Mexico,

Netherlands, Norway, Poland, Russia, Sweden, U.K., Arabic countries, other Asian countries, other European countries, and
other American countries.
39Due to the low number of origins involved, the standard errors are clustered at the origin by cohort level. There are 61

clusters in total.
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of postgraduate study and without disabilities are more likely to have professional jobs. The propensity to

work in a professional job also increases with the length of time a first-generation immigrant has spent in

the US. The coeffi cient on the origin wage remains positive and significant for the first and 1.5 generations.

Compared to the results in column 3 of Table 6, the magnitude of the estimate and of the marginal effect

is smaller. The coeffi cient is not significant for native-born Americans. These results may verify that the

violation of IIA of the conditional logit model is less of a concern. They may also suggest that the effect of

country-of-origin wage partially comes from the difference across broad nests.

A.2.3 Measurement Errors

Regarding the connection between origin occupational wages and one’s job selection in the US, one possible

scenario is that people have fully accurate information on the potential wages of different occupations in

the US. But the econometricians can only acquire imperfect measures of these wages. The individuals may

appear to value origin-country wages merely because origin wages are correlated with measurement errors

in the US wages. I conduct two tests to address this concern.

First, I randomly assign the "origin" and "cohort" to the observations in the ACS sample and match them

to the origin-and-cohort wage distributions based on assigned origin and cohort. All other individual-specific

variables and job attributes in the US stay the same. If measurement errors do not matter, individuals

should not be responsive to the wages of non-origin countries. I re-run the regressions in column 3 Table 6

and present the results in Panel A Table A6. Because of the randomization and data availability, the sample

size changes moderately. The estimates on the randomized "origin" occupational wage are close to zero for

all generations. None of the estimates are statistically significant.

Second, to make US occupational wages more comparable to country-of-origin wages, I derive occupational

wages in the US from the Occupational Wages around the World (OWW) dataset in the same manner as I

calculate occupational wages in other countries. The sets of US wages obtained from the censuses and those

from the OWW have a correlation of about 0.8. On the one hand, the OWW US wages do not distinguish

individuals with or without a bachelor’s degree within an occupation. Therefore, the OWW US wage may

be less precise in reflecting the expected earnings of a college graduate. On the other hand, OWW collects

occupational wages by year. Therefore, US wages from the OWW may better capture the time variation

in the US wage structure. Panel B Table A6 presents the results when I replace census-based US wages

with ones derived from the OWW dataset in the regressions in column 3 Table 6. Due to missing data, the

sample size decreases for all three generations. The estimates on origin occupational wage stay positive and

significant and are, in general, close to the estimates in Table 6 in magnitude.

A.2.4 Alternative Periods of Origin Occupational Wage Measures

In this section, I first link occupational choices of first-generation immigrants to the wage distributions in

their origin countries at the time of emigration. Presumably, the immigrants had direct exposure to these

wage structures. Second, I link job choices of the three generations to their origin occupational wages when

they were about 18 years old, before college entry, because individuals may choose their occupations when

they select college majors. Lastly, if individuals value origin wages in their US job selection due to the

possibility of working in the origin country, they should care about current wages rather than previous ones.

Therefore, I match individuals to origin wages during 2005-08, the most recent wage rates in the OWW

dataset.
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I replicate the regression in column 3 of Table 6 with these changes and report the results in Table A7.

When origin wages measured in the period of migration are used in column 1, the estimated effect is slightly

larger than that for the first generation in Table 6. Notably, the foreign-born sample migrated at an average

age of 27. Thus, the shift in the period to which the origin wages refer may be negligible for a large chunk

of the sample.

Columns 2-4 report the estimates using the wage rate when an individual was about 18. The estimated

coeffi cients are smaller compared to Table 6 for three generations, with the drop being the largest for the 1.5

generation. However, the estimate remains positive and significant. The decline in magnitude may suggest

that origin wage at a later age matters more, as one college major can be relevant to many jobs and vice

versa.

The last three columns of Table A7 present the results using the most recent origin wages available in the

OWW.40 The coeffi cient on origin wage remains positive for all three generations but is no longer significant

for the native-born. Indeed, later generations may not view their country of origin as a future market. For

the first two groups, the estimated effect of current origin wage appears larger than that of the wage when an

individual was about 25. This pattern provides suggestive evidence that mobility is a plausible explanation

for the positive weight that individuals place on origin occupational wages.

A.3 Age at Migration

I examine whether the effect of origin occupational wage varies by age at migration. Those who migrate to

the US at a later age may have had greater exposure to the labor market in the home country and have

accumulated occupation-specific human capital based on the origin wage structure through their college

majors or jobs in the home country. Also, origin-country social norms and cultural attitudes may have a

more profound impact on immigrants who live there longer. Lastly, individuals who migrate to the US at a

later life stage may have more established origin-country networks and have children born outside the US.

Hence, they are more connected to their origin country.

Therefore, I replicate the regressions in Table 7, replacing years in the US with age at migration in the

interaction terms. Table A8 reports the results. The interaction effect is positive and significant in the first

two columns. According to column 2, origin occupational wage is 1% more critical to individuals’US job

selection if they migrate one year older.

The fact that individuals without formal US education may encounter more obstacles to entering profes-

sional jobs in the US, depending on the compatibility of their home-country education and the US market

needs (Friedberg, 2000), should be noted. Because immigrants who migrate at an older age are less likely

to go through the US education system, their occupation choices may be more restricted than those who

migrate at a younger age. But such obstacles may bias the estimate on origin wage downward and should

not be a concern. Moreover, since years in the US and age at migration are highly correlated in the current

sample of first-generation immigrants with a correlation coeffi cient being -0.85, the age at migration may

reflect some effect of the length of time in the US, and vice versa.

A.4 Tables

40The origin wages in 2008 may not well represent the contemporary wages in the country of origin for people who were
surveyed after 2008. Hence, I test restricting the sample to 2005-08. The estimates on the origin wage are similar in magnitude,
but the coeffi cients are statistically significant for all three generations.
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Table A1: List of Origins and Number of Observations
Origin First Gen. 1.5 Gen. Native-born
Argentina 570 81 205
Australia 627 49 136
Austria 307 71 1,476 (2,956)
Belgium 418 53 1,345
Bolivia 224 30 65
Brazil 999 65 111
Canada 611 298 577
Chile 213 20 31
China 1,278(21,398) 1,401 1,331
Colombia 438 89 90
Costa Rica 279 46 112
Denmark 282 92 1,240 (4,227)
Dominican Republic 928 90 329
Egypt 1,067 123 171
El Salvador 1,341 130 189
Finland 227 45 1,480 (2,483)
France* 364 69 289
Germany* 1,452 (4,354) 3,801 1,578 (179,277)
Greece* 194 43 251
Guatemala 661 61 99
Guyana 601 55 48
Haiti 599 32 32
Honduras 531 46 97
Hungary 439 74 1,280 (4,200)
India 1,523 (37,021) 1,286 1,489 (1,999)
Iran 438 24 70
Ireland* 154 260 262
Italy* 1,431 1,182 1,444 (79,531)
Japan 1,515 (3,318) 771 1,417 (5,109)
Jordan 639 24 50
Lithuania 161 31 753
Mexico* 1,564 (11,950) 1,815 1,469 (14,445)
Netherlands 564 168 730
Nicaragua 418 43 85
Nigeria* 954 32 62
Norway 345 213 1,537 (17,767)
Pakistan 638 75 105
Peru 1,492 (2,051) 108 318
Philippines* 1,481 (12,855) 1,553 1,452 (3,616)
Poland* 558 139 432
Portugal* 897 217 1,479 (3,059)
Romania 1,502 71 959
Russia* 1,246 (3,681) 175 1,250 (10,241)
Sweden 368 131 1,115
Switzerland 82 23 270
Thailand 533 87 139
Trinidad and Tobago 441 28 47
Turkey 627 53 173
U.K.* 1,468 (9,385) 3,363 1,530 (154,128)
Note: Reported are the numbers of observations from each origin in the sample. The numbers

in the parentheses are the original numbers of observations before trimming. * denotes origins

included in the Knowledge of the World of Work dataset.
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Table A2: Knowledge of the World of Work (KWW): Summary Statistics
Occupation Mean SD Min Max

Q1 A: Mechanics/System Operators .255 .071 .181 .417
B: Construction Trades .740 .070 .579 .815

Q2 A: Architects/Engineers .412 .068 .291 .590
B: Doctors/Lawyers .583 .068 .405 .705

Q3 A: Sales Clerks .053 .033 -.010 .122
B: Machine Operators/Drivers .946 .032 .878 1.010

Q4 A: Doctors/Lawyers .985 .013 .954 .997
B: Health Assessors/Teachers .012 .013 .001 .043

Q5 A: Health Assessors/Teachers .908 .052 .797 .989
B: Household/Other Service .088 .052 .010 .201

Q6 A: Protective Service .932 .033 .870 .974
B: Household/Other Service .065 .034 .024 .128

No. of Observations 12
Note: The summary statistics are based on the adjusted share of individuals who consider an
occupation more lucrative than the other in each question by ethnic origin.

Table A3: Subgroups of First-Generation Immigrants
Migrated After 18 Naturalized Citizens

Variable (1) (2) (3) (4)
Origin Occupational Wage .115* * * .128* * * .096* * * .121* * *

(.017) (.015) (.020) (.017)
US Occupational Wage .948* * * .987* * * .849* * * .884* * *

(.071) (.063) (.065) (.065)
Marginal Effect .482 .545 .400 .504

[11.6%] [13.0%] [9.61%] [12.2%]
No. of Observations 662,003 662,003 414,570 414,570
Log-likelihood/104 -9.08 -8.92 -5.56 -5.51
Individual Characteristics Yes Yes Yes Yes
Ethnic Networks Yes Yes Yes Yes
Origin Characteristics No Yes No Yes
Origin Fixed Effects No No No No
Note: * significant at 10%; * * significant at 5%; * * * significant at 1%. Regressions are estimated

by the conditional logit model, weighted by the ACS person weight. The first-generation

immigrants are examined. The dependent variable is an indicator of choice among the 23

occupation categories. Robust standard errors in parentheses are clustered at origin level.

Non-alternative-specific variables are introduced to the regressions by interacting them with

the six occupational attributes.
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Table A4: The GSS Data
Variable (1) (2) (3) (4) (5) (6)
Origin Occupational Wage .126* .153* * .122* .132* .234* * * .249* * *

(.073) (.077) (.074) (.076) (.080) (.087)
Origin Wage×1(2nd Gen.) -.167 -.141 -.141

(.130) (.142) (.162)
Origin Wage×1(Native-born) -.092 -.175 -.187

(.192) (.194) (.221)
US Occupational Wage 1.55* * * 1.55* * * 1.67* * * 1.62* * * 1.66* * * 1.67* * *

(.262) (.265) (.273) (.274) (.243) (.244)
Father’s Occupation .316 .322 .235 .244

(.245) (.242) (.251) (.247)
Ethnic Network 7.24* * * 7.27* * * 8.96* * * 8.90* * *

(2.31) (2.30) (2.75) (2.77)
Marginal Effect .641 .592 1.21

(14.7%) (15.7%) (37.5%)
Parental Characteristics No No Yes Yes Yes Yes
Origin Characteristics No No No No Yes Yes
No. of Observations 5,451 5,451 5,451 5,451 5,451 5,451
No. of Individuals 237 237 237 237 237 237
No. of Origins 22 22 22 22 22 22
Log-likelihood -624 -624 -596 -596 -562 -561
Note: * significant at 10%; * * significant at 5%; * * * significant at 1%. Regressions are estimated by the

conditional logit model. The dependent variable is an indicator of choice among the 23 occupation

categories. Robust standard errors in parentheses are clustered at origin level. Individual and

parental characteristics are controlled for in all the specifications. Non-alternative-specific variables

are introduced to the regressions by interacting them with the occupational attributes. The reported

marginal effects are the average percentage point change in choosing one occupational category given

a one SD increase in the standardized occupational wage of that category in the origin country. The

marginal effects are in percentage points, with percentage changes reported in brackets.
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Table A5: Origin Wage Distribution and Occupational Choices: Nested Logit
First Generation 1.5 Generation Native-born
Occ. Prof. Occ. Prof. Occ. Prof.
Choice Nest Choice Nest Choice Nest

Variable (1) (2) (3) (4) (5) (6)
Origin Occupational Wage .101* * * .039* * * .002

(.006) (.012) (.009)
US Occupational Wage .898* * * 1.17* * * .995* * *

(.029) (.073) (.050)
Years of Experience .175* * * .186* * * .225* * *

(.011) (.022) (.018)
Hours of Working -.504* * * -.360* * * -.169* * *

(.021) (.036) (.022)
Education Required -.270* * * -.533* * * -.461* * *

(.014) (.039) (.028)
% Unemployed -.111* * * -.698* * * -.613* * *

(.015) (.058) (.042)
Age -.194* * * -.022 -.025

(.015) (.023) (.016)
1(Disability) -.070* * * -.070* * * -.065* * *

(.012) (.016) (.012)
1(Speaking English) .286* * * .086* * * .034* * *

(.013) (.016) (.012)
Years of Schooling .754* * * .660* * * .792* * *

(.016) (.023) (.019)
Years in the US .171* * *

(.014)
Marginal Effect .347 .010 .004

[8.99%] [2.45%] [.110%]

Difference in φ̂1 between Generations
t∆1,1.5 7.24* * *
t∆1,N 13.1* * *
t∆1.5,N 3.62* * *

No. of Observations 805,368 427,110 711,114
Log-likelihood/104 -9.40 -4.88 -8.19
Note: * significant at 10%; * * significant at 5%; * * * significant at 1%. Regressions are estimated by

the nest logit model, weighted by the ACS person weight. Robust standard errors in parentheses

are clustered at origin level. The choice of the nest (professional vs. non-professional) is assumed to

depend on individual characteristics. Origin occupational wage, parental, and origin characteristics

are controlled for in all the specifications and are assumed to affect occupational choices within a

nest. For first-generation immigrants, parental income, education, and the number of siblings are not

included in the control set. The reported marginal effects are the average percentage point change in

choosing one occupational category given a one SD increase in the standardized occupational wage of

that category in the origin country. The marginal effects are in percentage points, with percentage

changes reported in brackets.
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Table A6: Measurement Errors and Origin Occupational Wages
First Gen. 1.5 Gen. Native-born

Variable (1) (2) (3)
Panel A: Randomized Origin Wage
Origin Occupational Wage .011 .009 .008

(.011) (.019) (.015)
US Occupational Wage .938* * * .769* * * .718* * *

(.045) (.041) (.037)
No. of Observations 855,979 376,947 722,409
Log-likelihood/106 -11.6 -5.40 -8.51

Panel B: US Wages from OWW
Origin Occupational Wage .160* * * .122* * * .082* * *

(.016) (.019) (.018)
US Occupational Wage (OWW) .457* * * .525* * * .441* * *

(.033) (.034) (.031)
Marginal Effect .754 .562 .376

[16.3%] [12.2%] [8.10%]

Difference in φ̂1 between Generations
t∆1,1.5 2.22* *
t∆1,N 4.60* * *
t∆1.5,N 2.18* *

No. of Observations 614,950 317,160 526,307
Log-likelihood/106 -9.22 -4.16 -6.86
Note: * significant at 10%; * * significant at 5%; * * * significant at 1%. Regressions are estimated by the

conditional logit model, weighted by the ACS person weight. The dependent variable is an indicator

of choice among the 23 occupation categories. Robust standard errors in parentheses are clustered

at origin-cohort level. Panel A uses randomly assigned origin occupational wages; Panel B uses

the US wage from the OWW data. Individual, parental, origin characteristics, and ethnic networks

are controlled for in all the specifications. Non-alternative-specific variables are introduced to the

regressions by interacting them with the six occupational attributes. For first-generation immigrants,

parental income, education, and the number of siblings are not included in the control set. The reported

marginal effects are the average percentage point change in choosing one occupational category given

a one SD increase in the standardized occupational wage of that category in the origin country. The

marginal effects are in percentage points, with percentage changes reported in brackets.
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Table A8: Heterogeneous Effects by Age at Migration
First Generation

Variable (1) (2) (3) (4)
Origin Occupational Wage .059* * * .093* * * .050 .096*

(.023) (.023) (.051) (.049)
Origin Wage×Age at Migration .002* * * .001*

(.001) (.001)
Origin Wage×ln(Age at Migration) .022 .011

(.017) (.015)
US Occupational Wage .918* * * .957* * * .917* * * .957* * *

(.063) (.056) (.063) (.056)
No. of Observations 818,372 818,372 818,372 818,372
Log-likelihood/106 -11.2 -11.1 -11.2 -11.1
Individual Characteristics Yes Yes Yes Yes
Ethnic Networks Yes Yes Yes Yes
Origin Characteristics No Yes No Yes
Origin Fixed Effects No No No No
Note: * significant at 10%; * * significant at 5%; * * * significant at 1%. Regressions are estimated by

the conditional logit model, weighted by the ACS person weight. The first-generation immigrants

are examined. The dependent variable is an indicator of choice among the 23 occupation categories.

Robust standard errors in parentheses are clustered at origin-cohort level. Non-alternative-specific

variables are introduced to the regressions by interacting them with the six occupational attributes.

Table A9: Robustness: KWW Answers and Origin Occupational Wages
Region-Specific US Wage Universally Ranked Pairs
1(Choosing 1(Choosing 1(Choosing 1(Choosing
Option A) Certain Occ.) Option A) Certain Occ.)

Variable (1) (2) (3) (4)
Occupation in Question
Origin Occupational Wage .008* .173* * * .007* .162* * *

(.004) (.054) (.004) (.053)
US Occupational Wage -.048 .056 .768* * * .071*

(.039) (.039) (.114) (.038)
Occupation of Comparison
Origin Occupational Wage -.003 -.172* * * -.003 -.162* * *

(.004) (.054) (.004) (.053)
US Occupational Wage .056 -.062* -2.15* * * -.074*

(.051) (.036) (.064) (.038)
Question Fixed Effects Yes Yes Yes Yes
Individual Fixed Effects Yes Yes Yes Yes
F(Origin Wages of Both Jobs = 0) 3.05* * 5.28* * * 2.61* 4.96* * *
No. of Observations 13,290 26,580 13,290 26,580
No. of Individuals 2,215 2,215 2,215 2,215
No. of Origins 10 10 10 10
R-squared .681 .279 .681 .284
Note: * significant at 10%; * * significant at 5%; * * * significant at 1%. Regressions are estimated by the OLS.

The dependent variable is a binary indicator which is one if a respondent selects a specific occupation in

a question and zero otherwise. Robust standard errors in parentheses are clustered at origin-by-KWW-

question level. Individual’s age, gender, the year of survey, question fixed effects, and individual fixed effects

are controlled for in all columns.
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