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1 Introduction

Increased immigration holds the potential to be an important source of economic well-being

across countries. For instance, by boosting countries’ labor supply and stock of human capital,

immigrants can have a substantial impact on innovation, growth, and fiscal sustainability. Yet,

immigrants often face severe barriers to integrating into foreign labor markets, preventing them

from working in the occupations in which they are most productive. Immigrants’ productive

potential is often limited by occupational regulations and licensing or discrimination, among

other barriers. While there is extensive micro-level evidence on various types of specific barriers

that immigrants face, understanding their overall macroeconomic effects has remained elusive.

In this paper, we ask two questions. First, what are the aggregate and distributional impli-

cations of immigrant labor market distortions both in the U.S. and in other countries? Second,

how does the presence of these distortions affect the outcomes of immigration policy reforms?

In answering these questions, we make three key contributions. First, we develop an occu-

pational choice model á la Roy (1951) featuring natives and immigrants, with the latter facing

wedges that distort their allocations. Importantly, the model differentiates immigrants along

relevant dimensions of heterogeneity, including education, language ability, origin country, and

time since immigration. Second, we document novel evidence on immigrants’ labor market out-

comes from U.S. and harmonized cross-country microdata and use it to quantify the size of

distortions faced by heterogeneous immigrants across countries. Third, we use our U.S. and

cross-country estimates of immigrant distortions to understand the macroeconomic gains of re-

moving immigrant barriers, the sources of these gains, and how existing barriers alter the effects

of immigration policies. Importantly, we relate our model-derived estimates of immigrant wedges

to external measures of barriers such as occupational licensing requirements in the U.S. and in-

dices of individual attitudes and government policies toward immigrants across countries.

We highlight four novel findings of the paper. First, we find sizable and heterogeneous im-

migrant wedges and productivities. For instance, recent immigrants and those from low-income

countries are estimated to be more productive than natives in manual occupations, but these

immigrant types also observe the largest wedges in these occupations. Second, immigrant wedges

in the U.S. have sizable aggregate implications, with their removal resulting in a 7% increase in

real GDP, which is equivalent to 25% of immigrants’ overall economic contribution. These gains

are achieved through the entry of non-employed immigrants into employment mostly in manual

occupations, the reallocation of employed immigrants from routine to non-routine occupations,

and the increase in average hours worked. Third, we find that immigrant barriers are pervasive

across countries and often much larger than in the U.S. We exploit cross-country variation in

immigrant labor market outcomes in the data and estimated wedges in the model to further

examine underlying drivers of wedges and the gains from their removal. We show that countries
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with similar average distortions can have sizable differences in the gains from removing barriers

because of differences in the rate of immigrant unemployment and the distribution of immigrant

wedges affecting productive occupations or individuals. Finally, we find that the presence of im-

migrant barriers strongly affects the outcomes of immigration policy reforms. For example, the

productivity gains from admitting new immigrants, especially those from disadvantaged groups

(e.g. less-educated and from low-income countries), become especially larger when immigrant

wedges are also removed upon their admission.

Our starting point is an equilibrium model populated by natives and immigrants. The model

extends the quantitative framework developed by Hsieh, Hurst, Jones, and Klenow (2019) by

modeling immigrants as in Burstein, Hanson, Tian, and Vogel (2020), and by introducing en-

dogenous labor supply. We consider a static and closed economy with natives and immigrants

of multiple types who choose among alternative occupations and hours worked, or to stay non-

employed. Individuals of each type differ in productivity, preferences, and wedges across occu-

pations. To model differences in productivity, we characterize each worker group (partitioned

based on native and immigrant characteristics as well as demographics) by a productivity level

in each occupation common across all individuals of the group. Thus, we allow the productivity

of immigrants and natives to differ across occupations. Each individual also draws a vector of

idiosyncratic productivities, one for each occupation, from a Frechet distribution whose shape

parameter is disciplined to capture differences in productivity across natives and immigrants due

to unobserved heterogeneity and immigrant selection.

All individuals, including natives, are subject to (i) compensation wedges modeled as propor-

tional taxes that vary across occupations and (ii) heterogeneous preferences across occupations.

In the model, immigrants differ from natives in two ways. First, immigrants face additional im-

migrant compensation wedges and immigrant labor supply wedges. These wedges are intended

to capture a wide range of barriers that immigrants face in foreign labor markets. In the model,

immigrant wedges distort the occupational and labor supply choices by discouraging employ-

ment altogether, by preventing the allocation of employed immigrants to their most-productive

occupations, and by affecting hours worked. Second, the production of occupation-specific goods

features imperfect substitution between native and immigrant workers.

We present findings on the joint distribution of employment, annual earnings, and hourly

wages across individuals and occupations in the U.S, which we use to estimate the model. In

particular, we use microdata from the American Community Survey (ACS) that provide de-

tailed information about immigrants. We consider multiple immigrant types based on time since

immigration, English fluency, and the income level of the origin country. We further partition

natives and each immigrant type into subtypes based on education, age, and gender. We allocate

individuals between a non-market (non-employment) occupation and 25 market occupations. As

we show in our results, accounting for rich heterogeneity in worker groups and occupations turns
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out to be pivotal in quantifying wedges and greatly amplifies the gains from their removal.

Our empirical findings reveal differences in the outcomes between natives and immigrants,

as well as across immigrants. For example, immigrants are more likely to work in manual oc-

cupations such as cleaning and maintenance, construction, and services than natives. Among

high-paid occupations, immigrants are more likely to work in computer and mathematical occu-

pations but less likely to work in management than natives. With the exception of immigrants

from high-income countries, immigrants systematically earn less in all occupations except for

non-routine cognitive jobs. Within immigrants, a longer length of stay, better English profi-

ciency, and originating from a higher-income country are all associated with higher earnings.

We use our model to identify whether these differences in the labor market outcomes of

immigrants are accounted for by differences in productivities or by wedges. We show that all

key parameters of the model, including wedges and productivities, can be estimated to match

the joint distribution of employment, annual earnings, and hourly wages across individuals and

occupations. Overall, our identification strategy follows the approach in Hsieh et al. (2019). In

their setup, when two groups of workers share the same productivity distribution and the same

distribution of preferences over occupations, their employment distributions across occupations

should be identical in the absence of wedges. Thus, for example, if one group is less likely

to be observed in an occupation and wages are the same, then it must mean that this group

faces barriers in that occupation. We show that a similar logic also follows in our context

once we assume that idiosyncratic productivities of natives and immigrants are drawn from a

common distribution. We argue that this is a reasonable assumption given findings in Martellini,

Schoellman, and Sockin (2023). They show that despite significant differences in the quality of

education between rich and poor countries, the average human capital of immigrants is close to

that of natives, as emigrants are more positively selected when migrating from poor economies.1

Using this strategy, we back out wedges given a very limited set of predetermined parameters

and widely accessible data. This approach ensures the estimation of the model with rich levels of

heterogeneity and allows us to obtain insights on the patterns of the data that identify wedges and

productivities. We find that the estimated immigrant wedges and differences in productivities

between natives and immigrants are sizable and vary systematically across immigrant types and

occupations. For instance, new immigrants with lower English proficiency and who originate

from low-income countries tend to be more productive than natives in manual occupations, yet

these immigrant types also face the largest distortions in the said occupations.

To understand the macroeconomic implications of immigrant barriers, we contrast our esti-

mated model of the U.S. economy with a counterfactual economy in which all immigrant wedges

are removed—that is, immigrants face the same level of distortions as natives across occupations.

1Importantly, while we think that a common distribution for idiosyncratic productivity draws for immigrants
and natives is an empirically reasonable assumption, we also provide our main results when we instead assume
that these productivities are drawn from a different distribution for immigrants and natives.
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We find that removing immigrant wedges increases real GDP by 7%. This increase results from

three margins: an increase in employment among immigrants mostly in manual occupations, an

increase in average hours worked among the employed, and a reallocation of employed immi-

grants from routine to non-routine jobs. In the aggregate, increases in productivity, employment,

and hours worked all contribute to the rise in real GDP, but productivity accounts for the largest

gains. By margin of adjustment, about a third of the output growth from removing barriers is

caused by individuals moving in and out of non-employment. The rest of the gains are almost

equally due to employed workers switching jobs and changing their hours. Additionally, we eval-

uate the quantitative significance of the output gain from removing barriers by expressing it as

a fraction of immigrants’ overall contribution to output. The gains from removing immigrant

barriers are 25% of the total contribution of immigrants to U.S. output.

We show that the gains from removing immigrant wedges are heterogeneous across occupa-

tions and worker groups. Across occupations, the largest gains are seen in non-routine jobs, while

the smallest gains are in routine occupations. The primary driver of larger gains in non-routine

cognitive occupations is the rise in productivity, while in non-routine manual occupations it is

the rise in employment. We find that upon removal of immigrant wedges, disadvantaged immi-

grant groups, such as recent immigrant or those with less education or English fluency, are more

likely to experience transitions from non-employment to employment as well as across occupa-

tions compared with other immigrant types. Consistent with these findings, when we compute

the impact of removing only the wedges faced by a particular immigrant group, we find that

larger aggregate output gains are achieved when wedges are removed for these disadvantaged

immigrant groups. On the other hand, we identify much smaller aggregate gains when wedges

are removed only for immigrants who have been in the country for more than a decade (estab-

lished immigrants) or those with strong English proficiency. Hence, our results imply that while

newcomers face significant barriers, these barriers decay over time.

Given the pervasive and heterogeneous nature of immigrant barriers, we investigate how

these barriers affect the outcomes of immigration policies. The gains from the entry of new

immigrants—in spite of their skills and potential to fill labor supply gaps in key occupations—

may be subdued if barriers prevent their allocation into the most suitable jobs. Thus, we study

the effects of raising the mass of immigrants in the U.S. through the entry of new immigrants with

alternative-type compositions. We highlight two important results on how immigrant wedges in-

fluence conclusions from such immigration policies. First, the productivity gains from admitting

new immigrants significantly increase in the absence of immigrant barriers, implying that immi-

gration policy should also consider immigrant outcomes after entry. Second, removing immigrant

wedges at the time of admitting new immigrants also changes the ranking of productivity gains

associated with the entry of immigrants with alternative compositions. For instance, while the

productivity gains from admitting immigrants who are college educated, fluent in English, or
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from high-income countries are larger than the gains from admitting disadvantaged immigrant

groups (without a college degree, not fluent in English, or from low-income countries), the op-

posite becomes true if immigrant wedges are simultaneously removed upon admission.

An important advantage of our approach is that our analysis for the U.S. can be easily

applied to many countries given micro-level data on labor market outcomes and demographics

of immigrants and natives. Extending our analysis to cover many countries is valuable, as

cross-sectional variation in labor market outcomes of immigrants and natives in the data and

estimated immigrant wedges in the model help us provide further insights on underlying labor

market moments that affect immigrant wedges and the gains from their removal. To do so,

our first step allows us to make an important empirical contribution by providing harmonized

target moments on the joint distribution of employment, annual earnings, and hourly wages of

worker groups across occupations for 19 economies using the Luxembourg Income Study (LIS)

database. We then use these moments to document how the sizes and distributions of immigrant

wedges as well as the gains from their removal vary across countries. Our findings highlight

substantial heterogeneity in the magnitude and impact of the barriers faced by immigrants

across countries. For instance, countries such as the U.K. and Australia are estimated to feature

both low immigrant wedges and gains from their removal, while those are estimated to be much

higher for Spain and Greece. We find that the U.S. features levels of immigrant wedges and

gains from removing them that are close to the average across the countries in our sample.

While the average magnitude of immigrant barriers is connected with the implied gains from

removing them, we also find non-trivial heterogeneity in their impact, even across countries with

similar average immigrant wedges. We show that much of this cross-country heterogeneity in

the gains from removing immigrant wedges is accounted for by two key cross-country differences.

Along the extensive margin, we find that countries with a higher fraction of non-employed im-

migrants feature significantly larger gains from removing immigrant wedges. Along the intensive

margin, we find that the distribution of wedges across occupations and individuals plays an

important role as well. That is, the gains from removing wedges are larger in economies where

more-productive occupations or individuals are subject to larger wedges.

Finally, we demonstrate that our estimated immigrant wedges in the U.S. and across coun-

tries are consistent with external measures on the degree to which immigrants face labor market

barriers. For the U.S., we show that model-implied immigrant wedges are positively correlated

with the fraction of jobs requiring a license across occupations. Importantly, we find these

correlations are much higher when we compare licensing requirements with immigrant wedges

for recent immigrants, but the correlations disappear for established immigrants. This finding

suggests that immigrant barriers due to occupational licensing requirements lessen over time.

Across countries, we focus on two indexes that capture de facto barriers as reflected in indi-

viduals’ attitudes toward immigrants and de jure barriers as reflected by governments’ policies,
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respectively. We find that our estimates of immigrant wedges are consistent with these indexes,

as countries with better attitudes or policies toward immigrants exhibit lower immigrant wedges.

Related literature. Our paper contributes to a growing literature that studies the macroeco-

nomic effects of immigration, using structural frameworks (Llull 2018; Burstein, Hanson, Tian,

and Vogel 2020; Monras 2020; Albert 2021; Albert, Glitz, and Llull 2021; Albert and Monras

2021; Hanson and Liu 2021; Piyapromdee 2021). These papers develop quantitative models that

are disciplined using U.S. microdata to analyze the impact of immigration on wages, occupational

choice, migration, inequality, output, and welfare. We also develop a framework that accounts

for differences in labor market outcomes between natives and immigrants of different types across

occupations, to measure immigrant wedges, to quantify the gains from removing them, and to

examine the implications for the effects of immigration policy. In addition to the U.S., we also

study the prevalence and implications of immigrant barriers across countries. To the best of

our knowledge, our paper is the first to document differences in labor market outcomes between

natives and immigrants of various types across occupations in different countries, using these to

estimate immigrant wedges and to study their macroeconomic and policy implications.

A separate literature examines labor market outcomes of immigrants when studying cross-

country differences in human capital and productivity (Hendricks 2002; Schoellman 2012; Schoell-

man 2016; Hendricks and Schoellman 2018; Lagakos et al. 2018a; Martellini, Schoellman, and

Sockin 2023). While our focus is different, our results have implications for studies in this liter-

ature, as we show that immigrant barriers often lower immigrants’ productivity by preventing

them from working in the occupations in which they are most productive and that the magnitude

of these barriers as well as output losses due to their presence largely differ across countries.

Finally, our paper also contributes to a literature on the macroeconomic effects of the misal-

location of factor inputs across production units, sectors, and occupations (Restuccia and Roger-

son 2008; Hsieh and Klenow 2009; Buera, Kaboski, and Shin 2011; Bartelsman, Haltiwanger,

and Scarpetta 2013; Hopenhayn 2014; Bento and Restuccia 2017; Gopinath, Kalemli-Özcan,

Karabarbounis, and Villegas-Sanchez 2017; Hsieh, Hurst, Jones, and Klenow 2019). Relative to

this body of work, we focus on the misallocation of immigrants, which represents an increasing

share of employment in host countries. We show that immigrants face substantial wedges that

distort their labor supply decisions, with significant implications for aggregate outcomes.

This paper is organized as follows. Section 2 presents our model. Section 3 provides details on

the data, estimation, and identification. Section 4 presents estimation results and discusses our

findings for the U.S. Section 5 studies implications of immigrant wedges on immigration policies,

and Section 6 extends our analysis to other countries. Section 7 provides a comparison between

wedges with external measures on immigrant barriers, and Section 8 provides discussions for our

main results under alternative model specifications. Finally, Section 9 concludes.
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2 Model

In this section, we construct an occupational choice model á la Roy (1951) featuring natives

and immigrants of multiple types. This framework extends the model in Hsieh et al. (2019) by

incorporating immigrants as in Burstein et al. (2020).

We consider an economy populated by a continuum of individuals and a discrete number

of occupations. Individuals choose their occupation and hours worked, and production in each

occupation is carried out by a representative firm that hires their labor. A representative final-

good producer aggregates the production from each occupation into a final good. Below, we

describe the environment in which these agents operate.

2.1 Individuals

Demographics. We consider a static model in which individuals live for one period. They are

partitioned into types i = 1, ..., I based on their immigration status (e.g., natives and various

types of immigrants based on time since immigration, English fluency, and the income level of

their country of origin). We let i = 1 denote natives and i = 2, ..., I denote the set of immigrant

types. Individuals of every given type i are further partitioned into subtypes g = 1, ..., G based

on observables such as age, gender, and education. We denote the mass of individuals of type i

and subtype g by Nig; the total mass of individuals in the economy is N ,
∑I

i=1

∑G
g=1Nig = N .

Preferences, labor supply, and immigrant labor supply wedges. Individuals of type i

and subtype g supply ` units of labor to work in occupation j = 0, ..., J , and consume c units

of the final good. Their preferences over consumption and labor supply are represented by the

following utility function: ujig(c, `) = (1 + γjig)ν
j
gc− `

1+1
ξ

1+ 1
ξ

, where ξ denotes the Frisch elasticity, νjg

is a preference shifter that is common across all individuals of subtype g who work in occupation

j, and γjig is a wedge that distorts the occupational choices of all immigrants of type i and

subtype g. Thus, we have that γj1g = 0 ∀g, j since i = 1 denotes native individuals. We refer

to γ as an “immigrant labor supply wedge” since, conditional on labor market compensation, it

distorts immigrants’ labor supply decisions across occupations relative to natives.

Individual productivity across occupations. The supply of labor by individuals is not

equally productive in all occupations. An individual of type i and subtype g who chooses to

supply ` units of labor to work in occupation j supplies zjigεj` effective units of labor, where zjig
is a productivity component common across all individuals of type i and subtype g that work in

occupation j, while εj is an idiosyncratic occupation-specific productivity draw.

In particular, each individual of type i and subtype g is characterized by a vector of id-

iosyncratic productivities (ε0, ..., εJ) for each of the occupations. These idiosyncratic produc-

tivities are distributed Frechet with type-specific shape parameter ηi and i.i.d. across indi-

viduals and occupations. The joint cumulative distribution function (CDF) is thus given by
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F (ε0, ..., εj) = exp
(∑J

j=0 ε
−ηi
j

)
. We model ηi as type-specific to capture potential underlying

productivity differences between natives and immigrant types due to selection (Hendricks and

Schoellman, 2018) or unobserved heterogeneity (e.g., due to differences in education quality

across countries of origin as documented by Martellini, Schoellman, and Sockin, 2023, or due to

differences across countries in the life-cycle accumulation of human capital as documented by

Lagakos, Moll, Porzio, Qian, and Schoellman, 2018b) across individual types.

Labor income and compensation wedges. Individuals of type i and subtype g who work

in occupation j are paid a wage wjig per effective unit of labor. Yet, their labor income is subject

to “compensation wedges” that distort their net income and occupational choices. We model

compensation wedges as proportional taxes (or subsidies) on the labor income. All individuals of

subtype g that work in occupation j are subject to compensation wedge τ jg . Immigrants of type

i = 2, ..., I are additionally subject to “immigrant compensation wedges” κjig. Thus, κj1g = 0

∀g, j since i = 1 denotes native individuals. We assume that the aggregate revenue collected

through these wedges is reimbursed as a proportional subsidy s paid to all individuals.

In this framework, we model two sources of immigrant labor market distortions (i.e., labor

supply and compensation wedges) to account for the possibility that the occupational choices

of immigrants may be distorted even when compensation differences are controlled for. That is,

the inclusion of both wedges allows us to capture the fact that immigrants may be prevented

from working in certain occupations for two reasons.

Occupational choice An individual with a vector of idiosyncratic productivities (ε0, ..., εJ)

chooses occupation j∗ and labor supply `∗ that solve the following problem:

max
j∈{0,...,J},`

(1 + γjig)ν
j
gc−

`1+ 1
ξ

1 + 1
ξ

s.t. pc = (1− τ jg − κ
j
ig)w

j
ig`z

j
igεj × (1 + s),

where p denotes the price of the final good. The right-hand side of the budget constraint is

individual labor income net of compensation wedges τ jg and κjig, along with reimbursement s.

2.2 Occupations

Production in each occupation j = 0, ..., J is carried out by an occupation-specific represen-

tative firm. Occupation j = 0 is the non-market occupation (i.e., work at home as in Hsieh et al.

2019), while the rest, j = 1, ..., J , are market occupations.

We model the difference between market and non-market occupations by assuming that they

differ in their production technologies. Production in market occupations is carried out through

a nested constant elasticity of substitution (CES) technology that aggregates different types

of labor to produce an occupation-specific good. In contrast, production in the non-market

occupation is carried out through a linear technology, capturing the idea that this occupation

encompasses home production activities that could be done independently by each individual.
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2.2.1 Market occupations

Following Burstein et al. (2020), the production technology is a nested CES, with two nests that

are aggregated as follows. The outer nest aggregates labor bundles across two groups based on

immigration status, natives (individual type i = 1) and all types of immigrants (individual types

i = 2, ..., I), with an elasticity of substitution σj. For each of these groups, there is an inner

nest that aggregates labor bundles across the various types (i = 1 for the the native group and

i = 2, ..., I for the immigrant group) and all subtypes g with elasticity of substitution σ̃j. That

is, each inner nest combines labor across demographic subtypes (e.g., age, gender, education)

within the given immigration-based group (e.g., natives or immigrants).

Outer nest: Aggregation between natives and immigrants. The production technol-

ogy for the outer nest aggregates labor bundles between natives and immigrants with a CES

technology with elasticity σj: yj = Aj[n
j
nat

σj−1

σj +njimm

σj−1

σj ]
σj
σj−1 , where yj denotes the output pro-

duced in occupation j, njk denotes the labor bundle of group k in occupation j, and Aj denotes

occupation-specific productivity. We index natives and immigrants with subscripts k = nat and

k = imm, respectively.2

The problem of the representative producer in market occupation j = 1, ..., J involves max-

imizing profits by choosing the amount of labor bundles of each group to hire, taking as given

the price of the good sold and the wage rate of each labor bundle. The problem is given by:

max
yj ,n

j
nat,n

j
imm

pjyj − wjnatn
j
nat − w

j
immn

j
imm s.t. yj = Aj

[
njnat

σj−1

σj + njimm

σj−1

σj

] σj
σj−1

,

where pj denotes the price of the good produced by occupation j, and wjk denotes the cost of

labor bundle k hired by occupation j.

Inner nest: Aggregation within natives and immigrants. The production technology

for the inner nest produces labor bundles for group k ∈ {nat,imm} by aggregating workers of all

types i ∈ Ik and all subtypes g with a CES technology with elasticity σ̃j for each k ∈ {nat, imm}:

njk = [
∑

i∈Ik

∑G
g=1 n

j
ig

σ̃j−1

σ̃j ]
σ̃j
σ̃j−1 , where Inat = {1}, Iimm = {2, ..., I} and njig denotes the effective

units of labor hired from individuals of pair (i, g) in occupation j.

The problem of the representative producer of labor bundles of group k ∈ {nat, imm} in

market occupation j = 1, ..., J consists of maximizing profits by choosing the total effective

units of labor of each type and subtype to hire, taking as given the price of the labor bundle and

wage rates in occupation j. The problem is then given by:

2We also study two alternative production technologies. In the first, the outer nest aggregates natives and
immigrants across different education levels. Specifically, the outer nest aggregates labor bundles across natives
with a college degree, natives without a college degree, immigrants with a college degree, and immigrants without
a college degree. In the second, the outer nest aggregates labor bundles across natives and each different type of
immigrant. In Appendix E, we discuss the implications of these alternative specifications.
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max
njk,{n

j
ig}i∈Ik,g

wjkn
j
k −

∑
i∈Ik

G∑
g=1

wjign
j
ig s.t. njk =

[∑
i∈Ik

G∑
g=1

njig

σ̃j−1

σ̃j

] σ̃j
σ̃j−1

,

where wjig is the wage rate per effective unit of labor for pair (i, g) in occupation j.

2.2.2 Non-market occupation

Production in the non-market occupation j = 0 is carried out by a representative firm using

labor of any type and subtype. The production technology is linear in the total effective units of

labor with occupation-specific productivity A0. The problem of this firm consists of maximizing

profits by choosing the total effective units of labor hired n0 given the price of the good sold p0

as well as the occupation-specific wage rate w0. The problem is given by:

max
y0,n0

p0y0 − w0n0 s.t. y0 = A0n
0.

2.3 Final good producer

The final good is produced by a representative firm that aggregates the goods produced

across all occupations by operating a CES technology with elasticity σ.

The problem of the final-good producer consists of maximizing profits by choosing the amount

of goods to purchase from each of the occupations yj, taking as given the price of the final good

p as well as prices of occupation-specific goods pj. The problem is then given by:

max
y,{yj}Jj=0

py −
J∑
j=0

pjyj s.t. y =

[
J∑
j=0

y
σ−1
σ

j

] σ
σ−1

.

2.4 Equilibrium

We provide a formal definition of equilibrium in Appendix A. The equilibrium of this model

consists of prices and allocations such that (i) individuals and firms solve their problem taking

prices as given; (ii) revenue collected through compensation wedges is equal to reimbursements

distributed to individuals; (iii) labor markets for each (type, subtype) pair in each occupation

clear; and (iv) the final good market clears.

3 Estimation

3.1 Data

We estimate the model using U.S. data from the American Community Survey (ACS) between

2010 and 2019.3 We restrict our sample to non-business owners between the ages of 25 and 54.

This sample restriction allows us to focus on working-age individuals who have finished schooling

3We pool all ten years together to increase the sample size and treat them as one cross section.
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but are prior to retirement. We also drop individuals on active military duty. Appendix B.1

provides details about the data, construction of variables, and measurement.

Individual types. We partition individuals in the data into the I individual types outlined in

the model, which we index by i = 1, ..., I. We let i = 1 denote the set of natives and let i = 2, ..., I

denote the partition of immigrants based on time since immigration, English fluency, and the

home country’s income level. We define immigrants as the set of foreign-born individuals.4

We partition immigrants’ time since immigration based on their arrival year into the U.S.

Immigrants with no more than 10 years since immigration are classified as “recent immigrants,”

and immigrants with more than 10 years are classified as “established immigrants.” We partition

immigrants’ English proficiency based on respondents’ self-reported assessment collected by the

ACS. We consider three English fluency groups: cannot speak (no English), speaks but not well

(some English), and speaks well (fluent English). Finally, we partition the level of economic

development of the immigrants’ home country (i.e., country of origin) by combining information

on respondents’ country of birth collected by the ACS with data on each country’s gross national

income (GNI) per capita for 2019 from the World Bank. Using the threshold levels of GNI per

capita (in U.S. dollars) that the World Bank uses to categorize countries into income groups, we

divide countries into three groups: low-income, middle-income, and high-income countries.

Thus, we consider an economy with 19 individual types (I = 19). One type for natives

and 18 types for immigrants partitioned along the aforementioned dimensions: 2 (time since

immigration) × 3 (English fluency) × 3 (country-of-origin income).

Individual subtypes. We then further partition each individual type i = 1, ..., I into G sub-

types based on their level of education, age, and gender. Subtypes are indexed by g = 1, ..., G.

We classify individuals by gender into two groups: male and female. We classify individuals by

education into four groups: less than high school degree, high school degree, some college but

no degree, and college degree and above. For age, we consider three groups: 25–34, 35–44, and

45–54. As a result, we partition individuals of each type i = 1, ..., I into 24 subtypes (G = 24)

along the aforementioned dimensions: 2 (gender) × 4 (education) × 3 (age).

Then, our partition of individuals into types and subtypes implies that individuals observed

in the data are classified into one of a total of 456 worker (type, subtype) pairs.

Market vs. non-market occupations. We allocate individuals between non-market (j = 0)

and market (j = 1, ..., J) occupations. We classify an individual as being in the non-market

occupation if the individual is not employed or employed but usually works less than 10 hours

per week. An employed individual who usually works more than 10 hours per week is assigned

to one of the market occupations defined below.

4Specifically, the group of immigrants includes naturalized citizens and non-citizens. However, we classify
natives’ foreign-born children as natives.
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Market occupations. Our grouping of market occupations follows the two-digit 2010 Stan-

dard Occupational Classification (SOC) system, as collected by the ACS. In particular, we

consider 25 occupation groups (J = 25). Table A1 provides a list of these occupations.

We argue that accounting for rich heterogeneity in worker groups and occupations is impor-

tant for quantifying the wedges and productivities of immigrants relative to natives as well as the

aggregate gains from removing immigrant wedges. As we will show in Section 4, estimated immi-

grant wedges and productivities across occupations differ substantially across immigrant types

and subtypes. Then, in Section 8, we show that ignoring salient dimensions of heterogeneity

across immigrants or limiting the granularity of differences in market occupations significantly

understates the aggregate gains from removing immigrant wedges.

Annual earnings and hourly wages. We measure the annual earnings as total annual labor

income (in 2019 dollars). We also measure hourly wages of individuals as the ratio of annual

earnings to total annual hours worked. For each set of individuals of type i and subtype g in

market occupation j, we compute the group’s average annual earnings and average hourly wages

as a geometric average among employed individuals with non-missing labor earnings information.

Summary statistics. Figure 1 summarizes the distribution, annual earnings, and hourly wages

of immigrants across occupations relative to natives in our data. First, we calculate the fraction

of immigrants (natives) in each occupation among all immigrants (natives). Panel (a) presents

the percentage-points (pp) gap (calculated as immigrants − natives) between the fractions of

immigrants and natives in each occupation. We find that immigrants are more likely to be

employed in manual occupations, such as cleaning and maintenance, construction, and services

than natives. Among high-paid occupations, the share of immigrants is 1.5 pp higher than

the share of natives in computer and mathematical occupations (e.g., programmers, software

developers, statisticians, actuaries), while the share of immigrants is 2.7 pp lower than the share

of natives in management. Finally, the share of non-employed individuals (i.e., those in the

non-market occupation) is 2.1 pp higher for immigrants than for natives.

Panels (b) and (c) present the percent gap (calculated as immigrants/natives − 1) between

annual earnings and hourly wages of immigrants and natives, respectively. Among high-paid

occupations such as computer and mathematical occupations, the average annual earnings and

hourly wages of immigrants are more than 20 percent higher than natives. In contrast, in finance

and legal occupations, the average earnings and wages are more similar between the two groups.

On the other hand, in low-paying occupations such as construction, production, and extraction,

the average earnings and wages are more than 15 percent lower for immigrants than natives.

While these results suggest systematic differences between natives and immigrants across

occupations, they potentially mask interesting heterogeneity in outcomes of immigrant types

relative to natives within each occupation. Thus, we next examine the extent to which outcomes
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Figure 1: Immigration distribution, earnings, and wages across occupations relative to natives
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(b) Annual earnings
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(c) Hourly wages
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Notes: This figure plots the distribution, annual earnings, and hourly wages of immigrants across occupations relative to those of
natives using data from the 2010-2019 ACS. We calculate the fraction of immigrants (natives) in each occupation among all immigrants
(natives). Panel (a) shows the percentage-point gap (calculated as immigrants − natives) between fractions of immigrants and natives
in each occupation. Panels (b) and (c) shows the percent gap (calculated as immigrants/natives − 1) between annual earnings and
hourly wages of immigrants and natives, respectively.

differ across immigrant types. Table 1 presents summary statistics on the distribution, annual

earnings, and hourly wages of natives and various immigrant types across occupations. In

particular, we first calculate the outcomes for each individual (type, subtype) pair, aggregating

across subtypes g, in each occupation. To simplify the exposition, we report the average moments

for natives and immigrant types across four broad occupation categories, where we partition the

25 market occupations into categories based on their skill and task-intensity as in Autor and

Dorn (2013): non-routine cognitive, non-routine manual, routine cognitive, and routine manual.

The top panel of Table 1 presents the distribution of individuals across occupations. The

first column shows the distribution for natives, while the remaining columns show the analogous

distributions across various immigrant types. We observe systematic differences by time since

immigration (columns 2 and 3): A larger fraction of recent immigrants are in the non-market

occupation compared with established immigrants (34% vs. 26%), and the non-employment gap

between immigrants and natives disappears among established immigrants. Similarly, English

proficiency and the level of economic development of the origin country also appear to be system-

atically related to immigrants’ occupations: Columns 4 and 5 show that immigrants with higher

English proficiency are much more likely to work in cognitive occupations (55% vs 5%) and much

less likely to be non-employed (25% vs 44%), while columns 6 and 7 show that immigrants from

high-income countries are more likely to work in cognitive occupations than immigrants from

low-income countries (55% vs 47%).

The middle and bottom panels of Table 1 present the average annual earnings and hourly

wages across immigrant types and natives.5 Our results reveal significant heterogeneity in earn-

5Earnings and hourly wages are expressed relative to their respective values for the base native subtype and
occupation: native males age 25 to 34 without a high school degree and employed in management, business,
science, and arts occupations.
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Table 1: Empirical moments

Distribution

Occupation type N I0−10 I10+ ILow Eng IHigh Eng ILIC IHIC

Non-routine cognitive 0.31 0.24 0.24 0.01 0.32 0.35 0.41

Non-routine manual 0.11 0.16 0.16 0.19 0.14 0.14 0.08

Routine cognitive 0.17 0.09 0.12 0.04 0.13 0.12 0.14

Routine manual 0.15 0.18 0.22 0.32 0.16 0.13 0.09

Non-market 0.26 0.34 0.26 0.44 0.25 0.26 0.28

Annual earnings

Occupation type N I0−10 I10+ ILow Eng IHigh Eng ILIC IHIC

Non-routine cognitive 1.78 1.82 2.13 1.14 2.06 2.14 2.31

Non-routine manual 0.76 0.52 0.66 0.46 0.68 0.63 0.77

Routine cognitive 1.04 0.76 0.98 0.58 0.97 0.90 1.22

Routine manual 1.08 0.68 0.89 0.58 0.95 0.87 1.22

Hourly wages

Occupation type N I0−10 I10+ ILow Eng IHigh Eng ILIC IHIC

Non-routine cognitive 1.72 1.94 2.12 1.50 2.09 2.17 2.28

Non-routine manual 0.87 0.71 0.78 0.63 0.81 0.78 0.93

Routine cognitive 1.09 0.96 1.07 0.81 1.08 1.05 1.32

Routine manual 1.08 0.82 0.95 0.75 1.00 0.96 1.25

Notes: This table presents the distribution of individuals across market and non-market occupations and their associated annual
earnings and hourly wages using data from the 2010-2019 ACS. We first calculate the outcomes for each individual (type, subtype)
pair in each 25 occupation. For expositional purposes, we report the average moments for natives and immigrant types across four
broad occupation categories, where we assign 25 market occupations into categories based on their skill and task-intensity: non-
routine cognitive, non-routine manual, routine cognitive, and routine manual. The distribution of individuals across occupations is
conditional on each worker type. Annual earnings and hourly wages are expressed relative to respective values for the base native
subtype and occupation: native males of ages 25 to 34 without high school degree and employed in management, business, science,
and arts occupations. N denotes natives, I0−10 denotes recent immigrants (≤ 10 years), I10+ denotes established immigrants (>10
years), ILow Eng denotes low English proficiency immigrants, IHigh Eng denotes high English proficiency immigrants, ILIC denotes
immigrants originating from low-income countries, and IHIC denotes immigrants originating from high-income countries.

ings and wages across individuals and occupations. We find that immigrants from low-income

countries earn less than natives in all occupation groups except non-routine cognitive ones. In

contrast, immigrants from high-income countries earn more than natives in all occupations. We

also find that immigrants who have been in the country longer, speak English better, and origi-

nate from economically developed countries earn more on average across all occupation groups.

The observations above show that immigrants differ systematically from their native counter-

parts in their occupations as well as in their average earnings and wages in these occupations. To

what extent are these differences in the labor market outcomes of immigrants accounted for by

differences in their productivities or by frictions faced by immigrants in the U.S. (e.g., immigrant

compensation and labor supply wedges)? We investigate this in the following sections.
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Table 2: Estimation approach: Parameters and targets

Predetermined parameters

Parameter Value Description

ξ 0.75 Frisch elasticity

{ηi}Ii=1 4 Frechet shape

σ 20 Elasticity across sectoral goods

{σj}Jj=1 20 Elasticity across worker bundles between natives and immigrants

{σ̃j}Jj=1 40 Elasticity across worker bundles between individual types and subtypes

Estimated parameters

Parameter # of parameters Description Normalization

{zjig} 11,855 Individual productivity z0bm = 1

{τ jg} 575 Compensation wedges τ jm = 0 ∀j, τ0g = 0 ∀g

{κjig} 10,800 Immigrant compensation wedges κj1g = 0 ∀g, j, κ0ig = 0 ∀i, g

{νjg} 600 Preferences ν0g = 1 ∀g

{γjig} 10,800 Immigrant labor supply wedges γj1g = 0 ∀g, j, γ0ig = 0 ∀i, g

{Nig} 455 Mass of individuals
∑

i,g Nig = 1

{Aj} 25 Occupation productivity A1 = 1

Total 35,110

Target moments

Moment # of moments

Share of individuals (i, g) that work in occupation j ∀i, g, j 11,855

Avg. annual earnings of (i, g) in j relative to (b,m) in occupation 1 ∀i, g, j 11,855

Avg. hourly wage of (i, g) in j relative to (b,m) in occupation 1 ∀i, g, j 11,400

Total 35,110
Notes: Individuals of type b and subtype m are defined as the base group relative to which various parameters are normalized. See

the text for further details.

3.2 Estimation approach

We now present our approach to estimating the parameters of the model. The parameter

space is partitioned into two groups. The first is predetermined and set to standard values from

the literature. The second is estimated to match salient features of the data. Table 2 summarizes

our estimation approach, listing the predetermined and estimated parameters and the moments

used to pin down the latter.

The set of predetermined parameters consists of ξ, {ηi}Ii=1, σ, {σj}Jj=1, and {σ̃j}Jj=1. We

set the Frisch elasticity ξ = 0.75. As discussed in Section 2, the shape parameter ηi of the

Frechet distribution of idiosyncratic productivities may vary across types to capture potential
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productivity differences across natives and immigrants due to unobserved heterogeneity and

immigrant selection. To discipline ηi, we use recent evidence from Martellini, Schoellman, and

Sockin (2023) on the average human capital of emigrants, immigrants, and non-migrants across

countries. In Figure 4 of their paper (reproduced in Figure A5 for ease of reference), they

show that emigrants are more positively selected when migrating from less-developed economies

(Panel a). Thus, despite significant differences in the quality of education between rich and

poor countries, the average human capital of immigrants in destination countries is close to that

of natives (Panel b). Motivated by these findings, and given that we do not model migration

decisions, we assume that the idiosyncratic productivity of natives and immigrants is drawn from

a common Frechet distribution with shape η—we set this value to 4, as in Hsieh et al. (2019).

Importantly, while we think that this assumption is the empirically relevant case given the result

in Martellini, Schoellman, and Sockin (2023), we recompute our main results in Section 8 when

we instead assume that immigrants and natives are different in their underlying productivities.

We set σj = σ ∀j = 1, ..., J to simplify the estimation, as it allows us to analytically back out

the model’s parameters given the target moments. We set the elasticity of substitution between

natives and immigrants to 20 following Ottaviano and Peri (2012).6 In Section 5.1 we show that

the model implies key microeconomic elasticities that are consistent with previous estimates

from the literature, lending support for the degree of substitutability across workers of various

types implied by our parameterization. In addition, we approximate perfect substitution in the

inner nest across labor bundles within natives and immigrants by setting σ̃j = 40 ∀j = 1, ..., J .

Our first step to pinning down the estimated parameters is to make a set of normalizations

and identifying assumptions. We define an individual base (type, subtype) pair as indexed

by b ∈ {1, ..., I} and m ∈ {1, ..., G}, respectively. Our first normalization consists of setting

z0
bm = 1. This implies that the productivity of all other individuals is expressed relative to

the productivity of the base (type, subtype) (b,m) in the non-market occupation. Second, we

assume that individuals of all types and subtypes face no compensation wedges in the non-market

occupation: τ 0
g = 0 and κ0

ig = 0 ∀i, g. We also assume that natives that belong to base type

and subtype (b,m) face no compensation wedges in any of the market occupations: τ jm = 0 ∀j.
Third, we normalize the preference for the non-market occupation such that ν0

g = 1 ∀g. Fourth,

we set immigrant labor supply wedges to zero in the non-market occupation: γ0
ig = 0 ∀i, g.

Fifth, we normalize the total mass N of all individuals to be 1 and the productivity of the first

market occupation (management) A1 to be 1. Finally, as defined in Section 2, we set immigrant

compensation and labor supply wedges to zero for natives: γj1g = 0 ∀g, j and κj1g = 0 ∀g, j.
We use the remaining parameters to target the share of individuals (type, subtype) (i, g) in

occupation j ∀i, g, j, the average annual earnings of individuals (type, subtype) (i, g) in occupa-

6Their preferred estimate of this elasticity is 20 when the native-immigrant elasticity is restricted to be the
same for all education groups. In Appendix E, we also present our main results when labor bundles between
natives and all immigrants are less substitutable as in Burstein et al. (2020) or perfectly substitutable.
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tion j relative to the average annual earnings of the base (type, subtype) (b,m) in occupation

j = 1, and the average hourly wages of individuals (type, subtype) (i, g) in occupation j relative

to the average hourly wages of the base (type, subtype) (b,m) in occupation j = 1.7 In our

analysis, we set the base (type, subtype) to be native males age 35 to 44 with a college degree.

3.3 Identification

Given the predetermined parameters, normalizations, and target moments, we back out the

remaining parameters directly from the data. Our goals in this section are to describe our

approach and investigate the features of the data that pin down each parameter. For analytical

tractability, we focus on the case of perfect substitution across individuals in the inner nest:

σ̃j =∞ ∀j = 1, ..., J . Appendix C provides derivations of the equations used in this section and

details about our estimation strategy.

Overall, our methodology follows the approach in Hsieh et al. (2019). In their setup, for

example, when two groups of workers share the same productivity distribution and the same

distribution of preferences over occupations, we must observe an identical distribution of the

two groups across occupations in the data. Thus, if one group is less likely to be observed in

an occupation and wages are the same, then it must mean that this group faces barriers in that

occupation. Similarly, if these groups are equally likely to be observed in an occupation yet

wages are lower for one group, then it must also mean that this group observes barriers in that

occupation.8 As will be shown below, a similar logic applies in our context once we assume that

idiosyncratic productivities of natives and immigrants are drawn from a common distribution,

as discussed previously. Importantly, we also provide our main results in Section 8 where we

instead assume that underlying productivities are different for immigrants and natives.

Population mass. We choose the mass of individuals Nig of each type and subtype (i, g) to

match the respective fraction of individuals observed in the data with such characteristics. In

the model, recall that the shares of individuals of each type and subtype (i, g) is exogenous.

Thus, for each (i, g) pair, we directly set:

Nig = Fraction of individuals of type and subtype (i, g).

7As shown in Table 2, we have more moments for annual earnings than hourly wages since hourly wages
are identical for all individuals in the non-market occupation given the linear production technology in this
occupation. We set the hourly wage in this occupation in the model to be a fraction λ of weighted average of
hourly wages across all market occupations in the data. Similarly, for each (type, subtype) pair, we set annual
earnings in the non-market occupation in the model to be a λ of the weighted average of annual earnings across
all market occupations in the data. In particular, we set λ = 0.50, which falls within the range of estimated
replacement rates provided by unemployment insurance in the U.S. In Appendix E, we provide our main results
under alternative values of λ.

8Note that, in our context, the imperfect substitution of labor supply between natives and immigrants will
also affect identification of wedges, as we will discuss below.
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Preferences and immigrant labor supply wedges. The solution of the model implies:

Earningsjig

Earningskig
=
νkg

νjg
×

1 + γkig

1 + γjig
, (1)

where Earningsjig is given by the geometric average annual earnings across all individuals of type

and subtype (i, g) in occupation j. In the model, the earnings of an individual are given by the

right-hand side of its budget constraint.

Given that immigrant labor supply wedges are zero for natives (i.e., γj1g = 0 ∀g, j) and

that the preference for the non-market occupation is normalized to 1 (i.e., ν0
g = 1 ∀g), writing

Equation (1) for occupation j and setting k = 0, we have the following:

νjg = λ

(
Earningsj1g

Avg. market earnings1g

)−1

,

where i = 1 denotes natives, and Avg. market earningsig denotes the weighted average of

Earningsjig across market occupations j, with weights given by the share of individuals of such

type and subtype that choose each market occupation.9 That is, the earnings of natives of

subtype g in an occupation j relative to their weighted average earnings across all occupations

is informative about their preference for occupation j. Using data on natives’ earnings in each

occupation j for each subtype g and data on natives’ average market earnings for each subtype

g, this relationship allows us to obtain common preferences νjg ∀g, j.
Given preferences {νjg}g,j and our normalization that the non-market occupation is not sub-

ject to immigrant labor supply wedges (i.e., γ0
ig = 0 ∀i, g), we can use Equation (1) to back out

these wedges for every immigrant type and subtype (i, g) in market occupation j as follows:

1+γjig = λ

(
νjg

Earningsjig
Avg. market earningsig

)−1

=

[(
Earningsjig

Earningsj1g

)/(
Avg. market earningsig
Avg. market earnings1g

)]−1

.

Immigrant labor supply wedges are identified by comparing the earnings of immigrants of type

(i, g) in occupation j relative to their average earnings across occupations vis-a-vis the earnings

of natives of subtype g in occupation j relative to their average earnings. Thus, given data on the

earnings of immigrants and natives for each (type, subtype) pair for each occupation and their

average earnings across occupations, we can back out immigrant labor supply wedges γjig ∀i, g, j.
For instance, consider immigrants (i > 1) and natives (i = 1) of the same subtype g. Suppose

that the average earnings across market occupations are higher for immigrants (i, g) than for

natives (1, g). Suppose further that the average earnings for immigrants (i, g) are even larger

than that for natives (1, g) in occupation j. In this case, the model attributes a lower immigrant

9Recall from Section 3.2 that, for each (type, subtype) pair, we set the annual earnings in the non-market
occupation to be a fraction λ of the weighted average of annual earnings across all market occupations. This
implies that Earnings0ig = λ×Avg. market earningsig ∀i, g.
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labor supply wedge to this occupation. That is, compared to a scenario where the earnings gap

specific to occupation j is equal to the average earnings gap, immigrants (i, g) receive lower

utility from working in occupation j and thus need to be compensated with a larger positive

earnings gap relative to natives in this occupation.

Individual productivity: Non-market occupation. Consider individual (type, subtype)

pair (i, g) in the non-market occupation. The solution of the model implies that:

z0
ig =

(
Avg. market earningsig
Avg. market earningsbm

) 1
1+ξ
(

Fraction of non-employedig
Fraction of non-employedbm

) 1
η

, (2)

where (b,m) denotes base type-subtype. Then, we have that the productivity of worker type-

subtype (i, g) in the non-market occupation is identified from differences in average market

earnings and the fraction of non-employed, relative to the base group. Thus, given data on

the fraction of individual (type, subtype) pairs in the non-market occupation and their average

market earnings, we obtain their individual productivities in the non-market occupation z0
ig ∀i, g.

Consider individuals of type-subtype (i, g) and (b,m). First, assume for a moment that both

groups have the same fraction of non-employed individuals. If the former group has higher

average market earnings than the latter group, then it must be that the former group has higher

productivity at the non-market occupation. Second, assume instead that both groups have the

same average market earnings but the fraction of non-employed is higher in the former group: As

before, it must be that the former group has higher productivity at the non-market occupation.

Individual productivity: Market occupations. Consider individual (type, subtype) pair

(i, g) and some occupation j. The solution of the model implies that:

zjig
z0
ig

=
Earningsjig/Wagesjig

Earnings0
ig/Wages0

ig

×

(
pjig
p0
ig

) 1
η

, (3)

where pjig denotes the fraction of individuals of type (i, g) that work in occupation j, and Wagesjig
is given by the geometric average of hourly wages across all individuals of type-subtype (i, g)

in occupation j. In the model, the wage of an individual is given by (1 − τ jig − κ
j
ig)w

j
ig. Then,

we have that the productivities of individuals across market occupations are identified from

differences in the ratio of earnings to wages between market occupation j and the non-market

occupation, as well as from the fraction of individuals employed in occupation j relative to the

non-market occupation. As a result, we obtain their individual productivities zjig ∀i, g across

market occupations j = 1, ..., J .

The model implies that individuals are estimated to be more productive in market occupation

j relative to the non-market occupation if their earnings-to-wage ratio in occupation j is higher

or if a higher fraction of individuals chooses occupation j than the non-market occupation.
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Compensation wedges. We back out common compensation wedges {τ jg} by focusing on

natives. Consider natives (i = 1) of subtypes g and m (base subtype). Then, we have that:

1− τ jg =
Wagesj1g

Wagesj1m
.

Thus, given data on wages of native (type, subtype) pairs across occupations, we can obtain

common compensation wedges τ jg ∀g, j. This expression implies that the common compensation

wedges τ that apply to all natives and immigrants in an occupation j are identified from data on

the wages of natives relative to those of the base subtype for the given occupation. In particular,

natives of subtype g whose wages in occupation j relative to those of the base subtype are lower

are inferred to have positive compensation wedges.

We now proceed to back out immigrant compensation wedges {κjig}. Let (i, g) denote an

immigrant of a given type-subtype, and let (1, g) denote her native counterpart. Then, the

solution of the model implies:

1− τ jg − κ
j
ig

1− τ jg
=

Wagesjig

Wagesj1g


∑

q∈Ii

∑G
r=1Nqr

(
zjqr
)1+ξ [

(1 + γjqr)ν
j
rWagesjqr

]ξ (
pjqr
) η−(1+ξ)

η∑G
r=1 N1r

(
zj1r
)1+ξ [

(1 + γj1r)ν
j
rWagesj1r

]ξ (
pj1r
) η−(1+ξ)

η


1
σj

. (4)

where Ii is the set of immigrant types. Then, using data on wages and allocations across (type,

subtype) pairs, as well as the rest of the parameters estimated thus far, we can obtain immigrant

compensation wedges κjig ∀i, g, j.
This first term implies that immigrant compensation wedges are identified by using similar

information used to back out common compensation wedges. Any under-compensation in wages

relative to their native counterparts is interpreted as positive immigrant compensation wedges.

Additionally, the second term of the right-hand side arises from the imperfect substitutability

between natives and immigrants. The numerator can be thought of as a measure of aggregate

labor supply of all immigrants, which is proportional to population as well as occupation-specific

productivity, hours worked, and allocations. On the other hand, the denominator is the same

for all natives. This term implies that differences in the relative supply between natives and

immigrants are also captured by immigrant compensation wedges. For instance, if immigrants

are a small fraction of the population but have similar productivities in occupation j, work similar

hours, and are observed to be equally likely as natives to choose this occupation, then immigrant

compensation wedges κ in this occupation would be positive. For κ to be zero, immigrants would

need to be paid relatively more than natives given their relative scarcity.

Occupation productivity. Consider the base type and subtype (b,m), along with two alter-

native market occupations j and k. Let k be given by the first occupation such that Ak = 1

given our normalizations. The solution of the model implies that:
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Aj =


(

Wagesjbm
Wages1

bm

)σ ∑G
g=1Nbg

(
zjbg
)1+ξ [

νjgWagesjbg
]ξ (

pjbg
) η−1

η∑G
g=1Nbg

(
z1
bg

)1+ξ [
ν1
gWages1

bg

]ξ (
p1
bg

) η−1
η


1

σ−1

. (5)

Note that all objects in this expression can be computed either directly from the data or indirectly

using data along with the derivations above. Thus, Equation (5) allows us to obtain occupation

productivities Aj ∀j.
This expression contrasts the relative labor supply of the base type b between occupation j

and the base occupation (j = 1). Controlling for differences in wages of the base (type, subtype)

across occupations, if labor supply of the base type is higher in an occupation j relative to that in

the base occupation, then occupation j is inferred to feature higher occupational productivity.

4 Immigrant Wedges: Estimates and Impact

In this section, we study the extent and implications of immigrant wedges in the U.S. In Section

4.1, we begin by estimating the parameters of the model following the approach described in

the previous section.10 Next, in Sections 4.2 and 4.3, we analyze the macroeconomic effects of

eliminating the immigrant wedges, both in the aggregate and across the distribution.

4.1 Estimates of immigrant wedges and productivities

We begin by presenting our estimates of immigrant wedges (κ and γ) and productivity (z)

in the U.S. Figure 2 presents averages across market occupations, and Table 3 presents averages

across immigrant types. Heterogeneity in the estimated wedges can shed light on the mechanisms

underlying them, while also serving to externally validate the reasonability of our estimates.

Given the large number of parameters of our model (35110 parameters, as described in Table

2), we restrict attention to weighted averages of the estimated parameters wherever necessary.

Table A2 shows that the model closely matches the distribution of individuals across occupations

as well as their associated annual earnings and hourly wages in the data shown in Table 1.

Immigrant wedges and productivities across occupations. Panel (a) in Figure 2 shows

that immigrant compensation wedges vary significantly across occupations. For instance, these

wedges are estimated to be largest typically in manual occupations such as extraction, instal-

lation, maintenance, and repair, and protective services, and lowest in non-routine cognitive

occupations such as sciences, architecture and engineering, management, and healthcare. Two

exceptions are noteworthy. First, legal services stands out as a non-routine cognitive occupation

with high immigrant compensation wedges. Second, computer and mathematical occupations

10Recall that our estimation approach is derived under the restriction that there is perfect substitution across
labor bundles in the inner nest. Thus, we estimate the parameters under this restriction with σ̃j = 40 ∀j = 1, ..., J
to approximate an economy with perfect substitution across labor bundles in the inner nest. Appendix E also
presents our main results under an even higher value of σ̃j to approximate perfect substitution.
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Figure 2: Average immigrant compensation and labor supply wedges and relative productivities
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(b) Immigrant labor supply wedge
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(c) Relative productivity
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Notes: This figure plots the average values of immigrant compensation κ and labor supply γ wedges as well as the percent gap in
productivity z between immigrants and natives (calculated as immigrants/natives − 1) across market occupations.

observe large immigrant compensation subsidies (i.e., negative compensation wedges).

Panel (b) shows that in about half of the occupations, immigrant labor supply wedges are

negative, implying that working in these occupations is less attractive to immigrants than to

natives. For instance, among cognitive occupations, computer, mathematical, and healthcare

roles have negative immigrant labor supply wedges, while finance and legal jobs have positive

ones. Among manual jobs, food, cleaning, and personal care services have large negative wedges,

while protective services and installation, maintenance, and repair jobs have positive ones.

Finally, Panel (c) presents the percent gap in productivity z between immigrants and natives

(calculated as immigrants/natives−1) across market occupations. Among cognitive occupations,

immigrants are more productive in computer and math fields, just as productive in healthcare

and finance, but less productive in legal occupations. On the other hand, among manual occupa-

tions, immigrants are estimated to be more productive than natives in agriculture, construction,

production, transportation, and services (food services, cleaning, and personal care occupations).

These estimates show that there are significant differences in immigrant barriers and relative

productivities across occupations. For instance, immigrants are typically more productive than

natives in manual occupations, but they also face substantial barriers in these occupations.

As such, we argue that working with a model that accounts for the heterogeneous outcomes

of immigrants across occupations is critical for understanding the aggregate and distributional

implications of immigrant barriers.

Immigrant wedges and productivities across immigrant types. We now examine the

extent to which immigrant wedges and productivities differ across immigrant types. Table 3

reports weighted averages of immigrant compensation wedges κjig, immigrant labor supply wedges

γjig, and individual productivities zjig. While we focus our discussion on immigrant wedges and

individual productivities, we also report estimates of common compensation wedges τ jg , common

preference shifters νjg , and occupation productivities Aj.
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Table 3: Estimation results

Immigrant compensation wedge κ Common

Occupation type N I0−10 I10+ ILow Eng IHigh Eng ILIC IHIC comp. wedge τ

Non-routine cognitive 0.00 0.02 -0.01 0.01 -0.01 0.00 -0.06 0.25

Non-routine manual 0.00 0.02 -0.01 0.03 -0.01 0.03 -0.05 0.32

Routine cognitive 0.00 0.11 0.06 0.08 0.07 0.11 0.02 0.38

Routine manual 0.00 0.12 0.07 0.10 0.06 0.09 -0.02 0.28

Non-market 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Immigrant labor supply wedge γ Common

Occupation type N I0−10 I10+ ILow Eng IHigh Eng ILIC IHIC pref. νjg

Non-routine cognitive 0.00 0.01 0.00 -0.07 0.01 0.02 0.03 0.46

Non-routine manual 0.00 -0.18 -0.17 -0.26 -0.12 -0.09 -0.03 0.78

Routine cognitive 0.00 0.10 0.03 -0.08 0.07 0.17 0.06 0.57

Routine manual 0.00 0.01 -0.02 -0.05 0.02 0.02 0.07 0.54

Non-market 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.00

Worker productivity z Occupation

Occupation type N I0−10 I10+ ILow Eng IHigh Eng ILIC IHIC prod. A

Non-routine cognitive 0.63 0.60 0.59 0.58 0.59 0.61 0.58 0.87

Non-routine manual 0.52 0.69 0.68 0.78 0.62 0.63 0.52 0.41

Routine cognitive 0.76 0.62 0.70 0.59 0.68 0.64 0.65 0.67

Routine manual 0.70 0.79 0.82 0.86 0.75 0.75 0.67 0.53

Non-market 0.82 0.77 0.76 0.61 0.84 0.84 0.96 0.25

Notes: This table presents estimated common compensation wedges τ , immigrant compensation wedges κ, common preference shifter
ν, immigrant labor supply wedges γ, individual productivity z, and occupation productivity A. For expositional purposes, we report
these outcomes across four broad occupation categories, where we assign 25 market occupations into categories based on their skill
and task-intensity: non-routine cognitive, non-routine manual, routine cognitive, and routine manual.

We find systematic differences in immigrant barriers and productivities by time since immi-

gration. Recent immigrants face larger compensation wedges across all occupations compared

with established immigrants. This pattern aligns with previous research (e.g., Dostie, Li, Card,

and Parent 2020), indicating a period of adjustment and integration for new immigrants. We

also find that recent immigrants are less productive in routine occupations but slightly more

productive in non-routine occupations than established immigrants.

Next, estimates also imply noticeable differences in immigrant barriers and productivity based

on English proficiency. Immigrants with lower English skills have higher compensation wedges

in all occupations. Additionally, these individuals have negative labor supply wedges, with

the magnitude of these wedges varying significantly across occupations. Immigrants with lower

English proficiency are also less productive in cognitive roles than natives, yet more productive

than natives in manual occupations.
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Finally, we find that an immigrant’s country of origin also correlates with their labor mar-

ket outcomes. Immigrants from high-income countries face minimal or negative compensation

wedges in many occupations. In contrast, those from low-income countries experience much

higher compensation wedges, particularly in routine occupations. Furthermore, immigrants from

low-income countries are estimated to be more productive than natives in manual occupations.

Overall, recent immigrants, those from low-income countries, and those with low English

proficiency are more productive than natives in manual occupations, but at the same time, these

immigrant types also observe the largest immigrant barriers in these occupations. As such,

from the lens of our model, despite being more productive in these occupations, immigrant

barriers distort their labor market outcomes along two dimensions. First, larger barriers induce

immigrants to stay non-employed. Second, differences in immigrant barriers across occupations

distort the allocation of employed immigrants across occupations and their hours worked.

4.2 Aggregate implications of immigrant wedges

We now investigate the aggregate implications of the immigrant wedges. Our goal is to study

how immigrant barriers affect outcomes such as real GDP, total factor productivity (TFP),

employment, and average hours worked. To do so, we contrast the outcomes in the baseline

model with those implied by a counterfactual economy in which immigrant wedges are removed;

i.e., γjig = 0 and κjig = 0 ∀i, g, j. Thus, in the latter, natives and all immigrant types are subject

to the same level of distortions across occupations.

Aggregate real GDP gains. The first column of Panel A in Table 4 presents the effects of

removing immigrant wedges in the aggregate and across broad occupation groups. We find that

removing all the barriers that immigrants face in the U.S. increases real GDP by 6.98%.11

To evaluate the quantitative significance of this finding, we contrast the effects from removing

immigrant wedges to the overall contribution of immigrants to the U.S. economy. We compute

the contribution of immigrants by comparing the baseline model with a counterfactual economy

without immigrants, which we solve by setting the mass of immigrants to zero. Results in Table

A3 imply that real GDP is 28.2% higher with immigrants relative to an economy without im-

migrants (1/0.78). This means that real GDP gains from removing immigrant wedges represent

24.8% of the total gains from immigration itself (6.98/28.2). Hence, existing barriers undermine

the overall contribution of immigrants and removing immigrant wedges significantly raises the

productive capacity of immigrants.

Next, we investigate the sources underlying these real GDP gains. The output increase is

driven by three channels: (i) flows of immigrants between the non-market occupation and market

11When we only remove immigrant compensation wedges but keep immigrant labor supply wedges unchanged
at their estimated values, real GDP increases by around 5.9%, implying that most of the gains are attributable
to the removal of immigrant compensation wedges.
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Table 4: Aggregate and sectoral effects of removing wedges

Percent change Change in

Occupation type Real GDP TFP Employment Hours immigrant share (pp)

A. Full reallocation

Aggregate 6.98 2.48 1.91 2.43 1.62

Non-routine cognitive 7.95 4.20 2.61 0.96 2.23

Non-routine manual 14.29 0.77 7.38 5.15 5.10

Routine cognitive 2.79 1.15 0.07 1.52 0.18

Routine manual 5.10 2.42 -1.51 5.89 -1.03

B. Within-market reallocation

Aggregate 4.99 2.42 0.00 2.50 0.00

Non-routine cognitive 6.28 3.63 1.62 0.92 8.67

Non-routine manual 10.04 1.22 2.81 5.73 7.24

Routine cognitive 1.65 1.11 -1.04 1.59 -6.42

Routine manual 2.39 2.28 -3.98 4.25 -12.32

Notes: Panel A presents the percent change in aggregate and occupation-specific real GDP, TFP, employment, and hours when
immigrant wedges are set equal to their counterpart natives of the same subtype. Aggregate real GDP is output produced in the
market sector, total factor productivity (TFP) is real GDP per hour, employment is the mass of workers in market occupations (or
each occupation), and hours is the average hours worked in market occupations (or each occupation). The change in the immigrant
share denotes the percentage point (pp) change in the fraction of immigrants employed in market occupations or each occupation.
Panel B presents the same results when we prevent inflows to and outflows from the non-market occupation upon removal of immigrant
wedges to isolate the effects of within-market reallocation.

occupations, (ii) the reallocation of employed workers across market occupations and resulting

change in the distribution of market occupations, and (iii) the change in average hours worked

across market occupations. We find that increases in TFP, employment, and hours worked all

contribute to the rise in real GDP, with TFP gains having the largest contribution.

To quantify the role of flows of immigrants between the non-market occupation and market

occupations, in Panel B of Table 4, we recompute the effects of removing wedges when we prevent

individuals from moving in and out of the non-market occupation. We find that around 30%

of real GDP gains from removing wedges are due to the movement of individuals in and out

of the non-market occupation. On the other hand, the TFP gains from reallocation of already

employed workers across market occupations as well as changes in their hours worked contribute

almost equally to the remaining real GDP gains.

Real GDP gains across occupations. Underlying the aggregate gains, the removal of immi-

grant wedges have heterogeneous effects across occupations.12 Real GDP increases in all broad

occupation categories, but there are significant quantitative differences between them: Real GDP

gains are much larger in non-routine occupations than in routine occupations.

12While Table 4 provides GDP gains and sources behind these gains across broad occupation groups, we also
repeat this exercise across all 25 market occupations in Figure A6.
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In terms of employment changes, routine manual occupations experience a large decrease in

employment, while non-routine manual occupations feature a substantial increase when barriers

are removed. Restricting worker mobility in and out of the non-market occupation would have

led to a more marked decline in employment in routine manual occupations and a lesser growth in

non-routine manual occupations. This result suggests that new entrants to market occupations

predominantly opt for manual occupations. On the other hand, employment in non-routine

cognitive occupations is much less affected from the movement of individuals in and out of

the non-market occupation, suggesting that the main reason behind the rise in employment

in this occupation is the reallocation of employed workers from other occupations. Similarly,

Panel B also indicates that within-market reallocation of employed workers leads to a decline in

employment in routine occupations and an increase in employment in non-routine occupations.

Overall, these results imply that removal of immigrant wedges reallocates non-employed workers

to mainly manual occupations, and employed workers from routine to non-routine occupations.

The greatest TFP gains occur in non-routine cognitive occupations, accounting for more than

50% of real GDP gains in these occupations. In contrast, the TFP contributions to real GDP

gains are much smaller in non-routine manual occupations, which observe a significant influx of

workers from the non-market occupation. Without this influx, TFP gains in these occupations

could have been higher. This is because the workers transitioning from the non-market occupa-

tion to non-routine manual occupations are negatively selected productivity-wise relative to the

existing pool of employed workers, leading to a minor dilution in overall productivity.

Finally, hours worked increase across all broad occupation groups, but the magnitude of this

increase varies. Gains in average hours worked contribute the most to real GDP gains in routine

manual occupations, while these gains are the least important in accounting for real GDP gains

in non-routine cognitive occupations.

Reallocation patterns across immigrants. The results reported in Table 4 show that the

reallocation patterns of individuals from the non-market occupation to market occupations as

well as between market occupations are relevant in driving real GDP gains both in the aggregate

and across occupations. Motivated by these findings, Table 5 presents the distribution of worker

reallocation patterns for immigrant type/subtypes. In this table, we consider all four possible

types of reallocations: movements from the non-market occupation to market occupations (N-E:

Extensive), movements from market occupations to the non-market occupation (E-N: Extensive),

switches between market occupations conditional on being employed prior to the removal of

wedges (E-E: Intensive), and staying in the same market or non-market occupation (EE/NN:

Stayer). For each row representing a type/subtype, we present the share of individuals making

a particular type of reallocation—that is, for each row, the four columns sum to one.

Overall, our results show that removing immigrant wedges allows disadvantaged immigrant

groups to either reallocate from the non-market occupation to market occupations or to switch
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Table 5: Reallocation patterns by immigrant type/subtype

Category Immigrant type/subtype N-E: Extensive E-N: Extensive E-E: Intensive EE/NN: Stayer

Age

25-34 0.089 0.013 0.200 0.697

35-44 0.093 0.009 0.196 0.701

45-54 0.094 0.005 0.197 0.704

Gender
Male 0.051 0.008 0.245 0.696

Female 0.132 0.011 0.152 0.705

Education

Less than high school 0.127 0.004 0.216 0.652

High school 0.115 0.003 0.214 0.667

Less than college 0.092 0.004 0.187 0.717

College 0.048 0.021 0.178 0.754

Duration
Recent immigrants 0.128 0.011 0.235 0.626

Established immigrants 0.077 0.008 0.182 0.733

Country of origin

High-income country 0.071 0.027 0.227 0.675

Middle-income country 0.106 0.002 0.191 0.701

Low-income country 0.074 0.016 0.197 0.713

English proficiency

No English 0.219 0.001 0.218 0.563

Some English 0.162 0.001 0.254 0.583

Fluent English 0.060 0.012 0.181 0.747

Notes: This table presents the distribution of workers that reallocate when immigrant wedges are removed. Four types of reallocation
are considered: movements from the non-market occupation to market occupations (N-E: Extensive), movements from market
occupations to the non-market occupation (E-N: Extensive), switches between market occupations conditional on being employed
prior to the removal of wedges (E-E: Intensive), and staying in the same occupation market or non-market occupation (EE/NN:
Stayer). For each row representing a type/subtype, we present the share of individuals making a particular type of reallocation—that
is, for each row, the four columns add up to one.

across market occupations depending on their employment status prior to removal of wedges. For

instance, we find that immigrants with a high school degree or less are more likely to experience

a transition from the non-market occupation to market occupations as well as switches between

market occupations compared to immigrants with a college degree. The same is also true for

recent immigrants relative to established immigrants, or those with less or some English fluency

relative to those who are fluent in English. Furthermore, across gender groups, while the fraction

of immigrants staying in their existing occupations is almost the same for male and female

immigrants, males are more likely to switch their occupations and females are more likely to

enter into market occupations from the non-market occupation.

4.3 Distributional implications of immigrant wedges

We now analyze the distributional implications of immigrant barriers. To do so, we compute

the impact of removing only the wedges faced by immigrants of some type or subtype—comparing

the baseline model with a counterfactual economy identical to the baseline, except that immigrant

wedges of the given type or subtype are set to zero. This exercise allows us to shed light on the

heterogeneous payoffs associated with the targeted removal of immigrant wedges.

Our findings are reported in Table 6. The first column of the table reports real GDP gains
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Table 6: Gains from removing wedges by immigrant type/subtype

Category Immigrant type/subtype
Real GDP Share of population Real GDP growth

(% change) (baseline level, %) per 1% of imm. (%)

Age

25-34 1.76 6.03 0.29

35-44 3.11 6.97 0.45

45-54 1.97 5.97 0.33

Gender
Male 3.30 9.22 0.36

Female 3.53 9.75 0.36

Education

Less than high school 2.88 5.06 0.57

High school 1.99 4.21 0.47

Less than college 1.20 3.62 0.33

College 0.77 6.08 0.13

Duration
Recent immigrants 3.35 5.65 0.59

Established immigrants 3.47 13.31 0.26

Country of origin

High-income country 0.89 2.49 0.36

Middle-income country 3.80 11.28 0.34

Low-income country 2.14 5.20 0.41

English proficiency

No English 0.76 1.52 0.50

Some English 2.86 3.65 0.78

Fluent English 3.21 13.79 0.23

Notes: This table presents the effect of removing immigrant wedges by immigrant type/subtype on real GDP. The first column
presents the percent change in real GDP when immigrant wedges of a given type/subtype are removed—while keeping immigrant
wedges unchanged for other immigrant groups—relative to the baseline. The second column presents the share of immigrants of each
type/subtype in the total population. Finally, the third column presents the ratio of real GDP growth (column 1) to the share of
each immigrant type/subtype in the economy (column 2), to adjust for heterogeneity in the mass of individuals across groups.

from removing the immigrant wedges faced by the immigrant group listed in the rows of the

table—while keeping immigrant wedges unchanged for other immigrant groups. Given that

the number of immigrants differs across immigrant groups, the third column reports real GDP

gains from removing immigrant wedges, controlling for the footprint of each immigrant group.

Specifically, we use the share of immigrants that belong to each group (the second column) to

express real GDP gains per 1% of immigrants in the total population.

We find significant differences in the effects of removing immigrant wedges across demographic

groups. For instance, removing immigrant wedges faced by immigrants without a high school

degree increases real GDP by 0.57% per 1% of the population that is an immigrant with less

than a high school degree, while the respective value for immigrants with a college degree is

0.13%. The removal of wedges for immigrants without a high school degree results in these

immigrants having a much larger outflow from the non-market occupation and a larger degree

of reallocation within market occupations compared with those with a college degree, as seen
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in Table A4. Across age groups, we find that real GDP gains per immigrant have an inverse

U-shaped pattern, with the largest gains for prime-age (35-44) individuals.

We also find that the effects of removing immigrant wedges are heterogeneous across immi-

grant types. For instance, removing immigrant wedges for recent immigrants and immigrants

with some English proficiency leads to the largest real GDP gains per immigrant. While these

findings suggest that newcomers face significant barriers, much smaller gains from removing the

immigrant wedges of established immigrants and those with strong English proficiency suggest

that these barriers decay over time. Across country of origin, we find that real GDP gains per

immigrant are highest for wedges removed for immigrants from low-income countries.

These results highlight that real GDP gains per immigrant are heterogeneous across immi-

grant types and subtypes, with effects largest among recent immigrants, less-educated immi-

grants, immigrants who are not fluent in English, and immigrants from low-income countries.

These findings are accounted for by significant differences in immigrant barriers faced by these

groups, as shown in Table 3, despite having higher productivity in certain occupations.13

5 Immigration Policy Reform

Thus far, we have shown that the barriers immigrants face in the labor market cause substantial

output losses in the aggregate and that these losses vary systematically across the occupations

and immigrant groups. A natural question that arises is: to what extent do these barriers affect

the outcomes of immigration policies that admit new immigrants of varying characteristics?

The gains associated with the admission of new immigrants into the U.S. may be subdued in

the presence of barriers that prevent their efficient allocation in the labor market.

We now investigate the implications of immigrant barriers on aggregate outcomes associated

with a rise in the stock of immigrants. We consider a scenario in which the U.S. chooses to admit

more immigrants into the country and ask two questions. First, how do aggregate productivity

gains arising from the admission of new immigrants into the U.S. differ across immigrant types?

Second, how are the returns to increased immigration affected by immigrant wedges? We inter-

pret the answers to these questions as informative about the potential effects of implementing

alternative immigration policies in the U.S., as well as about the extent to which the gains from

such policies can be amplified by removing immigrant barriers.

Importantly, the returns to increased immigration fundamentally depend on how admitting

new immigrants affects the outcomes of natives and existing immigrants. Thus, before evaluating

alternative immigration policies, we first contrast the model’s implications for the labor outcomes

of natives and existing immigrants following an increase in the stock of immigrants vis-a-vis their

empirical counterpart in Section 5.1. Critically, we compute elasticities in the model that are

13We also investigate heterogeneity in the gains from removing immigrant wedges across occupations. As shown
in Table A5, we find that real GDP gains per immigrant are highest when immigrant barriers are removed in
non-routine cognitive occupations and lowest when they are removed in non-routine manual occupations.
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comparable to empirical estimates obtained from microeconomic studies. This exercise allows

us to validate the magnitudes of key elasticities in our model. Next, in Section 5.2, we use our

model to answer the aforementioned questions on the effects of alternative immigration policies.

5.1 Microeconomic elasticities: Model vs data

To contrast various elasticities in our model with existing estimates in the literature, we begin

by discussing the set of empirical studies that we focus on. We then proceed to develop a model

experiment that serves as the model-counterpart of these empirical studies. We conclude this

subsection by contrasting the model-implied estimates with the empirical estimates.

Empirical estimates. To keep this section focused but relevant, we turn to papers that analyze

the effects of a widely studied and large-scale immigration shock experienced in the U.S. in

1980. Specifically, between May and September 1980, around 125, 000 Cuban immigrants (the

Marielitos) arrived in Miami after Fidel Castro declared that Cubans wishing to immigrate to

the U.S. were free to leave Cuba from the port of Mariel. Several papers (e.g., Card 1990; Borjas

2017; and Peri and Yasenov 2017, among others) measure elasticities of labor market outcomes

of various groups to this immigration shock by comparing outcomes in Miami and control cities

before and after the arrival of the Marielitos to Miami (the “Marielitos shock”).14

The Marielitos increased the labor force of Miami by around 8% at the end of 1980. They

were more likely to be young, male, and with less education: Only 18% had a college degree,

55.6% were male, and 38.7% were young (between ages 21 and 30). Empirical studies used this

sudden inflow of immigrants as a quasi-natural experiment to measure how immigrants affect the

labor market outcomes of natives. Card (1990) first studies this question, comparing changes

in the wages and unemployment rates across demographics between 1979 and 1985 in Miami

vis-a-vis those in four cities with similar employment growth as Miami. This study concludes

that the inflow of immigrants had almost no impact on the outcomes of natives in Miami.

Peri and Yasenov (2017) revisit the same experiment and use empirical methods developed

over the years since Card (1990). In particular, the choice of control group, i.e., comparison

cities, in Card (1990) is based on trends observed after the immigration shock rather than prior

to the treatment. Peri and Yasenov (2017) implement a synthetic control method to create a

new synthetic city that best resembles the pre-Marielitos labor market in Miami by estimating

city weights. In the end, Peri and Yasenov (2017) confirm the early findings of Card (1990), as

they find limited changes in the outcomes of native high school dropouts after the immigration

shock. On the other hand, different from Peri and Yasenov (2017), Borjas (2017) finds that

14Focusing on the Marielitos shock has an added advantage, as the effects of this shock are measured using the
pure spatial approach, which uses variation in the inflow of immigrants across regions. Dustmann, Schönberg,
and Stuhler (2016) argue that this approach identifies the total effect of immigration on labor market outcomes
of a particular skill group. Thus, analyzing the total effects through a pure spatial approach provides easily
interpretable estimates that are policy relevant.
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wages of natives who are high school dropouts in Miami declined significantly after the inflow

of the Mariel immigrants, using the March CPS instead of ORG-CPS. Peri and Yasenov (2017)

argue that this difference in results is due to small subpopulations of the March CPS that exhibit

significant fluctuations in average wages around the long-run trend between 1972 and 1991.

Model-counterpart to empirical estimates. While we acknowledge that there is a debate in

the literature about the magnitude of empirical estimates—especially because of the small sample

size used in these analysis—we still contrast the implications of the model with the empirical

estimates documented by these studies for two reasons. First, computing these elasticities in

the model allows us to document how an increase in immigration affects labor market outcomes

of natives and existing immigrants according to our model. This way, we are able to present

reasonableness of our model’s predictions. Second, the comparison of model-implied elasticities

with existing empirical estimates helps us to validate our model’s predictions.

We construct a model-counterpart to the Marielitos shock by considering a counterfactual

in which new immigrants with similar characteristics as the Marielitos become part of the U.S.

economy. We use our model of the U.S. economy as our model of Miami upon the arrival of the

Marielitos.15 Thus, we increase the total mass of new immigrants such that the total population

in the model increases by 8%. To match the demographics of the Marielitos, we assume that all

new immigrants originate from middle-income countries, given that Cuba was a middle-income

country based on our classification in Section 3.1. Furthermore, 82% of the new immigrants have

no college degree; 55.6% are male; and 38.7% are classified under the first age group (25-34) while

the rest equally divided across the remaining age groups.16

Results. We solve the model under the Marielitos shock described above and examine its

implications for wages and unemployment rates relative to the baseline. First, for each economy,

we compute the average of the logarithm of unit wages w, as well as the level of the unemployment

rate (fraction in the non-market occupation) for natives and immigrants. Then, we compute

differences in these outcomes between the two economies.

Table 7 reports changes in the labor market outcomes of natives and immigrants upon the

inflow of the Marielitos in both the data and the model.17 The empirical estimates show that

15Here, we use our model estimated using 2010-2019 ACS data and, thus, with the same parameters and wedges
that we document in Section 4.1. Results presented in Table 7 remain similar when we instead re-estimate the
model using 1980 ACS data for the entire U.S. or for Florida only.

16We do not have information on the fraction of the Marielitos that spoke English and at what level. Thus,
we assume that the distribution of the Marielitos immigrants across the three English fluency groups defined in
Section 3.1 is the same as the rest of the U.S. immigrant population in our analysis.

17We use Table 3, Table 4, and Table 7 in Card (1990) to calculate the change in (i) the logarithm of real
hourly wages of white natives in Miami relative to that in comparison cities, (ii) the unemployment rate of white
natives in Miami relative to that in comparison cities, and (iii) Cuban immigrant wages in Miami relative to
Cuban immigrants in the rest of the U.S. between 1981 and 1982 relative to 1979, respectively. Finally, Table 3 in
Peri and Yasenov (2017) provides estimates for the change in the logarithm of real hourly wages for high-school
dropouts in Miami relative to the synthetic control city between 1981 and 1982 relative to 1979.
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Table 7: Effects of the Mariel immigrants on outcomes of natives and immigrants: Data vs model

Moment Data Model

Change in log wages of natives (pp) 0.5 0.3

Change in log wages of less-educated natives (pp) 1.1 0.3

Change in unemployment rate of natives (pp) -1.7 -0.2

Change in log wages of immigrants (pp) -4.5 -4.7

Notes: This table compares changes in the labor market outcomes of natives and immigrants upon an inflow of immigrants in the
data and the model. Empirical estimates are obtained from Card (1990) and Peri and Yasenov (2017), who measure changes in
outcomes of natives and previous immigrants after the arrival of Cuban immigrants to Miami in 1980. Using our model, we simulate
an analogous inflow of immigrants to obtain model-based estimates. Please refer to the main text for details about this exercise.

the inflow of Mariel immigrants had limited effects on the outcomes of natives but relatively

larger effects on the wages of immigrants in Miami.18 This result is largely consistent with the

predictions of our model, as we now describe.

Our model implies limited changes in native labor market outcomes upon the inflow of immi-

grants to the economy. This implication is largely accounted for by the imperfect substitutability

between immigrant and native labor inputs in the production technology. Imperfect substitution

limits the degree to which the rise in immigrant labor supply crowds out the native labor sup-

ply. In addition, the rise of immigrant labor supply leads to an increase in production and the

native labor supply also increases slightly, as evidenced by the decline in the unemployment rate

of natives (i.e, the fraction in the non-market occupation). An economy that features perfect

substitution between immigrants and natives would imply stronger crowding-out effects of im-

migrants on natives, potentially leading natives to experience a rise in unemployment. As such,

the limited effects of the immigrant shock on native outcomes serves as an external validation for

our modeling choice of imperfect substitutability between native and immigrant labor bundles.

On the other hand, our model implies a relatively larger change in the wages of existing

immigrants. Two channels account for this prediction. First, as described above, the Mariel

immigrants were predominantly less educated. These new immigrants select into low-paid occu-

pations, decreasing the average wages of all immigrants. Second, the production technology in

our model features perfect substitutability in the labor supply of different types of immigrants.

Thus, an increase in the labor supply of immigrants reduces the average wages of immigrants.

5.2 Immigration policy

We now use our model to investigate the potential impact of a broad set of immigration

policies. We focus on policies that increase the stock of immigrants and examine the relative

impact of admitting pools of immigrants with different characteristics. Critically, we study the

18We note that empirical estimates vary depending on the specification or time horizon given the small number
of observations in the data used to estimate these effects. However, in these scenarios, the estimated effects of the
inflow of Mariel immigrants on labor market outcomes are smaller for natives and relatively larger for immigrants,
a result that is consistent with our model-based estimates.
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Table 8: Immigration policy: Productivity gains from admitting new immigrants

Category Immigrant type/subtype Baseline model (%) No immigrant wedge model (%)

All 0.04 2.89

Age

25-34 0.04 2.71

35-44 0.02 3.15

45-54 0.02 2.84

Gender
Male 0.04 2.85

Female 0.02 2.91

Education

Less than high school -0.09 3.18

High school -0.01 3.11

Less than college 0.08 2.64

College 0.09 2.66

Country of origin

High-income country 0.11 2.76

Middle-income country -0.02 2.65

Low-income country 0.07 3.24

English proficiency

No English -0.12 2.33

Some English -0.02 3.10

Fluent English 0.08 2.90

Notes: This table presents percent changes in output per hour (TFP) when we increase the total mass of a given recent immigrant
(type, subtype) pair such that the total mass of all immigrants in the economy increases by 10 percent. The first column shows
percent changes in TFP in an economy with immigrant wedges (baseline model) when we implement such an increase in immigrant
mass. The second column repeats the same exercise in an economy without immigrant wedges (no immigrant wedge model).

extent to which immigrant barriers affect the predicted impact of such immigration policies.

We consider an inflow of new immigrants that raises the total immigrant mass by 10%—i.e.,

from 19% to 20.9% of the U.S. population in the 25-54 age group. We compute the implications

for real output per hour (TFP) to isolate the impact of increased immigration on productivity

from its mechanical impact on output. We contrast alternative approaches to immigration by

varying the composition of the pool of newcomers, as detailed below. The first column of Table

8 shows the percent changes in productivity in an economy with immigrant wedges (baseline

model) when we implement the alternative policies one at a time. The second column repeats

this exercise in an economy sans immigrant wedges (no immigrant wedge model).

We begin by examining the effects of these policies in the baseline model. The first row of the

table reports the effects of increasing immigration, as described above, when considering a pool

of new immigrants whose distribution across types and subtypes is identical to the current dis-

tribution of recent immigrants in the U.S. We find that this policy change increases productivity

by 0.04%. That is, we find that new immigrants not only mechanically increase total output,

but also increase the aggregate productivity of the economy.

Row 2 up to the last show the effects of increasing immigration when the pool of new immi-
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grants is restricted to a particular immigrant type or subtype.19 We also find that the impact

of increasing immigration differs substantially depending on the composition of the pool of new

immigrants. Productivity gains are higher when the immigration policy favors those who are

college educated over those who are not, those who are fluent in English over those who are not,

and those who are from high-income countries over those who are from low-income countries.

The second column of Table 8 shows that the impact of increased immigration depends

critically on the extent to which immigrants are subject to barriers. Overall, we find that simul-

taneously removing immigrant barriers and admitting new immigrants significantly amplifies the

productivity gains from increased immigration. Importantly, we also find that the ranking of

productivity gains from admitting a particular type of immigrant changes if immigrant wedges

are removed. For instance, we find that in the absence of immigrant-specific distortions, the

productivity gains are particularly amplified when the U.S. admits disadvantaged immigrant

groups—less educated, with some English fluency, and from low-income countries. While in the

presence of immigrant barriers, the gains from admitting college-educated immigrants are larger

than the gains from those who are not. Importantly, the opposite becomes true when new im-

migrants face no barriers. The same is also true when comparing outcomes between admitting

immigrants with some English and immigrants who are fluent, or immigrants from low-income

countries and those from high-income countries: Gains become larger for admitting the former

(disadvantaged) groups only if they also face no barriers.

6 Immigrant Wedges Across Countries

The previous sections demonstrated that the immigrant barriers in the U.S. have sizable ag-

gregate, distributional, and policy implications. The quantitative significance of these barriers

motivates a deeper understanding of the underlying drivers of immigrant wedges and the gains

associated with their removal. In this section, we exploit cross-country variation in immigrant

labor market outcomes in the data and estimated immigrant wedges in the model to achieve

these objectives. First, using our model and cross-country microdata, we compute the magni-

tudes of immigrant wedges across countries and their macroeconomic implications. Second, we

use cross-country differences in immigrant labor market outcomes to provide further insights on

underlying labor market features that determine the gains from removing immigrant wedges.

Data. We use cross-country survey data from the Luxembourg Income Study (LIS) database,

which collects information from surveys originally conducted by national institutions in each

respective country. The LIS publishes data in waves that are typically three to five years apart.

For each country in the LIS database, we use all available data between 2010 and 2019.20

19We assume that the distribution of new immigrants across the remaining types and subtypes is the same as
in the overall U.S. distribution of recent immigrants.

20In our sample, 8 of 19 countries have data for all years between 2010 and 2019, while all other countries
except Russia have data more than one year. For each country, we pool all available years together to increase
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The LIS database contains person-level data on labor income, labor market outcomes (in-

cluding employment status, occupation, weeks worked in a year, and usual weekly hours worked),

demographics (including education, age, and gender), as well as immigration status.21 To max-

imize the comparability of empirical targets across countries and the set of countries in our

sample, and at the same time keep the empirical implementation as similar as possible to our

analysis using the ACS in Section 3.1, we make the following choices in the LIS data.

First, individuals are partitioned into types and subtypes as in Section 3.1, but with a few

exceptions. Given data limitations, we abstract from differences across immigrants by time since

immigration, fluency in the language of the host country, and the income level of the country

of origin. Further, we maximize comparability across countries by considering two education

categories, i.e., non-college vs. college. As in the ACS, we restrict our sample to non-business

owners between the ages of 25 and 54 who are not on active military duty.

Second, the LIS database provides information on the current occupation of employed in-

dividuals, where occupations for each country are based on either the International Standard

Classification of Occupations (ISCO) codes or the country’s own occupation classification. We

map each country’s occupation classification into the SOC by using crosswalks between the

ISCO and SOC for countries with ISCO codes, and crosswalks between country-specific occu-

pation codes and the ISCO and then between the ISCO and SOC for the remaining countries.

Because occupation categories are less-detailed in some countries relative to others, to maxi-

mize comparability across countries, we classify each individual’s reported occupation into one

of four task-based occupation categories as in Autor and Dorn (2013).22 This process allows us

to harmonize the classification of occupations into broad occupation groups across countries.

Our final sample consists of 19 countries with harmonized target moments on the distribu-

tion, annual earnings, and hourly wages of individuals across demographics and occupations.

Appendix B.2 provides more details about the data and measurement.

Labor market outcomes of immigrants across countries. We start by documenting

salient differences in labor market outcomes between immigrants and natives across countries.

We focus on the distribution of immigrants and natives across occupations as well as their av-

erage annual earnings and hourly wages in each occupation since these are the moments used

to estimate the model. Specifically, for each country, we first calculate the fraction of immi-

grants (natives) in each occupation among all immigrants (natives), as well as their associated

average annual earnings and hourly wages in each occupation. Then, for each occupation, we

the sample size and treat them as one cross section.
21Similar to the ACS, we define an immigrant to be a foreign-born individual. Moreover, income is provided in

each country’s local currency. We use the purchasing power parity (PPP) and consumer price index (CPI) data
provided by LIS to convert income amounts over time and across countries into 2019 U.S. dollars.

22In addition, some individuals are classified to be in the non-market occupation, using the same definition of
the non-market occupation as in Section 3.1.

35



Figure 3: Cross-country differences in allocations between immigrants and natives
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Notes: This figure presents differences in labor market allocations between immigrants and natives across countries using data from
the LIS. For each country, we calculate the fraction of immigrants (natives) in each occupation among all immigrants (natives).
The figure shows the percentage-point gap (calculated as immigrants− natives) between fractions of immigrants and natives in each
occupation across countries.

calculate (i) the percentage-point gap (expressed as immigrants− natives) between the fraction

of immigrants and natives that work in the occupation and (ii) the percent gap (expressed as

immigrants/natives− 1) between the annual earnings of immigrants and natives. Figures 3 and

4 plot these two moments across countries, respectively. We also calculate the same percent gap

between hourly wages of immigrants and natives and provide this result in Figure A1.

We highlight salient differences across countries in the allocation of immigrants and natives

across occupations. First, while the fraction of immigrants in the non-market occupation is

higher than that of natives in almost all countries, this gap varies significantly across countries.

For example, while this gap is around 5 percantage points (pp) in the U.S. (USA) and the U.K.

(GBR), it is 24 pp in Belgium (BEL), 20 pp in France (FRA), and 13 pp in Germany (DEU).

Second, immigrants are underrepresented in non-routine cognitive occupations (the occupation

with the highest average earnings in all countries) and overrepresented in non-routine manual

occupations (the occupation with the lowest average earnings in all countries) in almost all coun-

tries. Notably, there are sizable differences in the gaps between the fractions of immigrants and

natives in these occupations across countries. For instance, while the fraction of immigrants in

non-routine cognitive occupations is 8 pp (16 pp) lower than that of natives in the U.S. (Ger-

many), immigrants and natives are equally represented in this occupation in Australia (AUS).

On the other hand, while the fractions of immigrants and natives in non-routine manual occu-

pations are similar in France, Canada (CAN), and the U.K., immigrants are overrepresented in

these occupations especially in Spain (ESP) and Chile (CHL).

Figure 4 presents the annual earnings gaps between immigrants and natives across countries

and occupations. Interestingly, we find that, in 11 of 19 countries in our sample, the average

earnings of immigrants are larger than those of natives in non-routine cognitive occupations,
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Figure 4: Cross-country differences in annual earnings between immigrants and natives
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Notes: The figure shows the percent gap (calculated as immigrants/natives− 1) between annual earnings of immigrants and natives
in each occupation across countries using data from the LIS.

exhibiting significant dispersion across countries. For example, in these occupations, the av-

erage earnings of immigrants are 35% and 14% larger than those of natives in Chile and the

U.S., respectively, but 19% and 14% lower than those of natives in Spain and Austria (AUT),

respectively. On the other hand, the average earnings of immigrants are significantly lower than

those of natives in non-routine manual occupations across most countries, but the magnitudes

of these earnings gaps exhibit significant heterogeneity: Relative to natives, immigrants in these

occupations earn 24% less in Germany, 22% less in the U.S., and 10% less in France.23

We note that differences in labor market outcomes between immigrants and natives across

countries can be driven by differences in their demographics. Figures A2, A3, and A4 document

how allocations and annual earnings gaps between immigrants and natives differ across countries

along various gender, education, and age groups, respectively. These results emphasize the

importance of accounting for demographic differences between immigrants and natives across

countries when estimating the productivity and wedge parameters of the model.

Immigrant wedges across countries: Estimates and aggregate effects. The evidence

above shows that differences in the labor market outcomes between immigrants and natives vary

substantially across countries. We now investigate the extent to which these differences reflect

differences in immigrant wedges across countries or are accounted for by cross-country differences

23Figure A1 shows that these conclusions largely hold when we analyze the hourly wage gaps as well.
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Figure 5: GDP gains from removing immigrant wedges across countries

Notes: This figure shows how GDP gains from removing immigrant wedges vary across countries. The left panel presents a cross-
country comparison of the sizes of average immigrant compensation wedges and the percent increases in real GDP associated with
removing immigrant wedges. The right panel plots real GDP gains adjusted for the immigrant share in the population against the
average immigrant compensation wedges.

in immigrants’ productivities or preferences. To do so, we separately estimate the model for each

country in our sample, following the approach described in Section 3. Then, for each country,

we compute the effects of removing immigrant wedges as in Section 4.

The left panel of Figure 5 presents the relation between the average of immigrant compen-

sation wedges across countries (x-axis) and real GDP gains from removing immigrant wedges

(y-axis).24 We find that there is a large degree of dispersion in immigrant barriers (from 7.42%

in Switzerland (CHE) to 24.46% in Spain), which is mirrored by substantial dispersion in the

output gains from removing these wedges across countries (from 0.26% in Uruguay (URY) to

11.87% in Luxembourg (LUX)).25 However, we find that the average immigrant compensation

wedges is not a sufficient statistic for determining the output gains from removing immigrant

barriers: The correlation between them is 0.41. That is, conditional on a given average level

of immigrant compensation wedges, substantial dispersion remains. For example, even if the

average immigrant compensation wedges is similar in Spain and Greece (GRC), output gains

from removing immigrant wedges are much larger in Spain than in Greece (7.59% vs 5.26%).

One potential explanation for the dispersion of real GDP gains conditional on a given level

of the average immigrant wedges is the heterogeneity across countries in the share of immigrants

in the population. For a given level of wedges, the model mechanically implies that countries

with larger immigrant populations feature larger gains from removing wedges simply because

there are more individuals whose occupational choices are distorted. We control for this channel

in the right panel of Figure 5, where we reproduce the left panel of the figure but instead plot

24We focus on immigrant compensation wedges, as they account for most of the output gains.
25Recall that real GDP gains from removing wedges in the U.S. was 6.98% when the model is estimated using

the ACS. However, when the model is estimated using the LIS with less degrees of heterogeneity in worker and
occupation types due to data limitations, real GDP gains in the U.S. are 3.75%. This difference between the
estimated GDP gains from removing wedges in the U.S. using the ACS and the LIS reflects that accounting for
heterogeneity is relevant for understanding gains from removing wedges, a result that we discuss in Section 8.

38



Figure 6: Sources of GDP gains from removing immigrant wedges across countries

Notes: This figure shows the underlying channels that account for differences in GDP gains per immigrant from removing immigrant
wedges across countries. The left panel presents the share of non-employed immigrants among all immigrants against the GDP gains
per immigrant. The right panel plots the average immigrant compensation wedges weighted by the occupation and individual specific
productivities against the GDP gains per immigrant.

GDP gains per immigrant instead of total GDP gains. This adjustment tightens the relation

between average immigrant compensation wedges and GDP gains, increasing the correlation

between both variables from 0.41 to 0.55. The gains per immigrant now become much closer in

Spain and Greece despite the much larger differences in the implied total gains.

Despite the increased correlation between wedges and the gains from removing them, sig-

nificant heterogeneity remains conditional on a given level of immigrant wedges. For example,

Canada and Greece have comparable levels of average immigrant compensation wedges, but the

output gains per immigrant from removing immigrant wedges are much larger in Greece (0.46%)

than in Canada (0.14%). Two channels likely play a significant role in accounting for this resid-

ual heterogeneity. First, the gains from removing immigrant barriers depend on the share of

immigrants that are non-employed prior to removing the barriers—an extensive margin chan-

nel. A country with a high fraction of non-employed immigrants is likely to experience a large

inflow of individuals into market occupations when wedges are removed and market occupations

become more appealing. Second, the distribution of immigrant wedges can have a significant

impact on the gains from removing immigrant barriers—an intensive margin channel. To the

extent that more-productive occupations or individuals face larger distortions, the reallocation

of workers across occupations when wedges are removed is likely to imply larger gains.

We study the role of these channels in Figure 6. The left panel plots real GDP gains per

immigrant as a function of the fraction of non-employed immigrants, while the right panel plots

the gains against the average of the immigrant compensation wedges weighted by the productivity

Aj of each occupation and the productivity z of each individual type and subtype. We find that

both of these channels are important determinants of the gains from removing immigrant wedges.

First, the left panel shows that there is substantial heterogeneity across countries in the share of

non-employed immigrants. Moreoever, the immigrant non-employment share is also positively

correlated with the implied gains. Second, the right panel shows that gains from removing
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wedges are typically larger in countries with larger productivity-weighted immigrant wedges.

Two examples illustrate how output gains can be driven by either of these channels. For the

extensive margin channel, we compare Canada and Greece, two countries with similar average

immigrant compensation wedges as observed in the right panel of Figure 5, but with considerable

differences in the implied output gains per immigrant. We observe that the average productivity-

weighted immigrant wedges are also nearly identical between them, but Greece has a much

larger fraction of non-employed immigrants (45% vs. 25% in Canada). This suggests that the

larger inflow of immigrants from the non-market occupation to market occupations is the main

driver behind the larger gains in Greece over Canada. For the intensive margin channel, we

compare outcomes between the Netherlands and the U.S., which have similarly sized average

immigrant compensation wedges and similar fractions of non-employed immigrants. Yet, gains

per immigrant from removing wedges are larger in the Netherlands (0.22%) than in the U.S.

(0.19%). This is because the productivity-weighted wedges are larger in the Netherlands (14%)

than in the U.S. (10%). Thus, removing wedges in the Netherlands leads to larger gains because

immigrant wedges are higher for high-productivity occupations and workers than in the U.S.

7 Immigrant Wedges: Model vs External Evidence

To provide some insights on what immigrant wedges may capture in reality, we compare estimates

of immigrant wedges with external evidence on the degree to which immigrants face barriers.

Immigrant wedges across occupations in the U.S.: Model vs external evidence.

We first compare model-implied immigrant wedges across occupations in the U.S. presented in

Section 4 with an obvious barrier that newcomers face: country-specific licensing requirements.

Since 2016, the Current Population Survey (CPS) provides information on whether a respon-

dent’s existing job requires a government-issued professional, state, or industry license. We pool

the CPS data between 2016 and 2019 and calculate the fraction of jobs requiring a license for

each of the 25 market occupations described in Section 3.1.26 As expected, we find that the frac-

tion of jobs requiring a license is the highest in healthcare, legal, education, healthcare support,

and protective services occupations, while it is the lowest in cleaning and maintenance, admin,

and agriculture occupations. We compare this measure of intensity in licensing with immigrant

compensation wedges and immigrant labor supply wedges implied by our model in Section 4.

Table 9 reports correlations between model-implied immigrant wedges and the fraction of

jobs requiring a license across occupations in the U.S. We find that all correlations are posi-

tive, indicating that model-implied immigrant wedges are larger in occupations where license

requirements are more prevalent. Importantly, we find that these correlations are higher when

we compare licensing requirements with immigrant wedges for recent immigrants, but correla-

26Using the CPS, we also apply the same sample selection and definition of being employed as in Section 3.1.
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Table 9: Immigrant barriers across occupations: Model estimates vs external evidence

Model-implied measures Fraction of jobs requiring a license

Average immigrant compensation wedge:

all immigrants 0.09

recent immigrants 0.23

established immigrants -0.01

Average immigrant labor supply wedge:

all immigrants 0.16

recent immigrants 0.31

established immigrants 0.03

Notes: This table reports correlations between the fraction of jobs that require a license with model-implied measures of immigrant
wedges across occupations in the U.S. We use the CPS data between 2016 and 2019 to calculate the fraction of jobs requiring a
license for each of the 25 market occupations, same as in our analysis in Section 3.1.

tions almost disappear when wedges for established immigrants are used. This result suggests

that recent immigrants face large barriers due to occupational licensing requirements, but these

barriers eventually lessen over time as immigrants obtain credentials.

Immigrant wedges across countries: Model vs. external evidence. Next, we move to

comparing immigrant wedges across countries presented in Section 6 with external evidence on

the degree to which immigrants face barriers.

We focus on four measures of immigrant wedges implied by our model: average immigrant

compensation wedges, average immigrant labor supply wedges, growth of aggregate productivity

(TFP) upon removal of immigrant wedges, and growth of real GDP per 1% of immigrants upon

removal of immigrant wedges. The first two capture the extent to which immigrants’ choices

might be distorted, while the latter two capture the aggregate effects of such distortions.

We contrast these model-implied measures of immigrant wedges with two external cross-

country indexes on the degree to which immigrants face barriers to integration upon arrival.

The first index is the Migrant Acceptance Index (MAI) collected by Fleming et al. (2018),

which is designed to compare the attitudes toward immigrants across countries. This is done by

exploiting the rich survey data from the Gallup World Poll, which directly asks individuals across

countries about their attitudes toward immigrants.27 The second index is the Migrant Integration

Policy Index (MIPEX) collected by Solano and Huddleston (2020), which is designed to compare

immigrant policies across countries.28 Higher values of these indexes indicate attitudes or policies

27The questions asked cover whether people think migrants living in their country, becoming their neighbors,
and marrying into their families are good things or bad things.

28These include (but not limited to) measures on how easy for immigrants to gain permanent residence and
citizenship in the host country, whether immigrants have equal rights and opportunities to access jobs and improve
their skills, how easy immigrants can reunite with their family, and whether health and education systems are
responsive to the needs of immigrants and their children.
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Table 10: Immigrant barriers across countries: Model estimates vs external evidence

Model-implied measures MAI MIPEX

Average immigrant compensation wedge -0.15 -0.33

Average immigrant labor supply wedge -0.14 -0.23

TFP gains from removing immigrant wedges -0.32 -0.22

Real GDP gains per 1% of immigrants from removing immigrant wedges -0.09 -0.14

Notes: This table reports correlations between external measures on the degree to which immigrants face barriers with model-implied
measures of immigrant wedges and TFP and output gains from removing these wedges. We focus on two external measures: MAI
denotes the Migrant Acceptance Index reported in Fleming et al. (2018), while MIPEX denotes the Migrant Integration Policy Index
from Solano and Huddleston (2020). These two measures are designed to compare attitudes and policies toward immigrants across
countries, respectively. Higher values of these indexes indicate attitudes or policies that are more friendly toward immigrants.

that are more friendly toward immigrants.

To contrast the model-implied measures of immigrant wedges with these external estimates,

we compute the correlation between them for the countries for which these indexes overlap

with the set of countries that we study.29 Table 10 reports correlations between these external

measures with model-implied wedges and the impact of these wedges in the aggregate.

We find that the model-implied estimates of immigrant barriers are consistent with these

external indices. In particular, we find that all of the correlations are negative, reflecting that

countries with better attitudes or policies toward immigrants (i.e., higher values of the external

indexes) are estimated to feature lower immigrant wedges and gains from their removal.

8 Discussion of Results

We conclude our analysis by examining the role played by model specifications and parameter

values in accounting for our findings. To do so, we focus on the analysis for the U.S. from Section

4. We report our findings in Table 11.

Modeling heterogeneity and endogenous labor supply. We examine the importance of

accounting for rich heterogeneity in occupations and worker types. To do so, we first estimate

the model classifying market occupations into just four broad (task-based) occupation categories

instead of 25 as in the baseline U.S. economy. We then compare outcomes between this economy

and the same economy without immigrant wedges. We find that real GDP gains from removing

immigrant wedges are much lower (2.50%) in this case relative to the baseline (6.98%). A key

channel that accounts for these findings is that fewer occupations limit the reallocation across

occupations once wedges are removed. As such, TFP gains are negligible in this coarser approach.

Next, we implement a similar exercise but instead reduce the number of worker groups by

distinguishing immigrants only by the income level of their country of origin, and only consider

subtypes of natives and immigrants by education. Thus, we are left with just 16 worker groups

29While all the countries in our LIS sample are also available in MAI, Uruguay is not available in MIPEX.
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instead of the 456 groups in the baseline. Table 11 shows that gains from removing wedges in

this case are also significantly reduced. This result is intuitive given that there is much less scope

for misallocation due to wedges when the model does not sufficiently differentiate worker types.

Finally, we examine the role of elastic labor supply by considering a version of the model

that abstracts from this channel. Table 11 shows that, in a model with inelastic labor supply,

real GDP gains from removing immigrant wedges drop to 2.75%. Relative to the baseline model,

the smaller gains are driven by two margins. First, there is one less margin of adjustment

when wedges are removed—that is, there are no gains from changes in hours worked. Second,

TFP gains are also lower because when workers shift to occupations for which they are more

productive, they cannot adjust their hours worked, limiting TFP gains from reallocation.

Overall, we conclude that accounting for rich heterogeneity in occupations and worker groups

as well as modeling the endogenous labor supply margin are important for the aggregate gains

from removing immigrant wedges.

Heterogeneous productivity distributions between natives and immigrants. In our

baseline estimation, we assume that idiosyncratic productivities of natives and immigrants across

occupations are drawn from a common Frechet distribution, motivated by empirical findings in

Martellini, Schoellman, and Sockin (2023). We now provide our main results when we instead

assume that idiosyncratic productivities are drawn from different distributions. Specifically, we

assume that the shape parameter of the Frechet distribution is different for immigrants such

that the mean of productivity draws is 10% higher for immigrants than for natives. We do

so by changing the shape parameter of the distribution for immigrants, keeping it unchanged

for natives. A higher mean of the idiosyncratic productivity draws for immigrants implies that

immigrants’ productivity distribution across occupation is more dispersed than natives. Thus,

immigrant wedges affect the allocation of immigrants across occupations relatively less, leading

to lower misallocation due to immigrant wedges and lower aggregate gains from removing them

in this case relative to the baseline.

Alternative parameter values. Finally, we examine our main findings under (i) alternative

production technologies that differ in how labor bundles are aggregated across worker types and

subtypes (e.g., different nesting as well as different elasticities), and (ii) alternative values for

other predetermined parameters. Table A6 in Appendix E summarizes our results. Overall,

our main results are similar to our baseline results with two intuitive exceptions: A lower sub-

stitutability of labor bundles between natives and all immigrants or a lower substitutability of

labor bundles across different immigrant types leads to larger gains from removing wedges.
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Table 11: Gains from removing immigrant wedges under alternative specifications

Percent change Change in

Real GDP TFP Employment Hours immigrant share (pp)

Baseline 6.98 2.48 1.91 2.43 1.62

Fewer occupations 2.50 0.03 1.40 1.05 1.18

Fewer worker groups 1.68 -0.58 1.74 0.52 1.45

Inelastic labor supply 2.75 0.77 1.94 0.00 1.66

Higher productivity draws for immigrants 4.48 1.38 1.50 1.54 1.27

Notes: This table presents the percent change in aggregate real GDP, TFP, employment, and hours when immigrant wedges are set
equal to their counterpart natives of the same subtype under alternative model specifications. Baseline refers to our baseline model;
fewer occupations refers to an exercise where market occupations are grouped into four broad (task-based) occupation categories;
fewer worker groups refers to an exercise where we distinguish immigrants only by the income level of their country of origin, and
only consider subtypes of natives and immigrants by education; and higher productivity draws for immigrants refers to a model
where the shape parameter of the Frechet distribution is different for immigrants such that the mean of productivity draws is 10%
higher for immigrants than for natives.

9 Conclusion

In this paper, we quantify the labor market barriers faced by immigrants in the U.S. and across

countries. We find that immigrant barriers are pervasive across countries, sizable, and heteroge-

neous across worker types and occupations.

We show that the gains from removing immigrant barriers in the U.S. are around 7% of GDP.

These gains arise from both increased employment and average hours worked as well as from the

improved allocation of immigrants across occupations. The gains are also distributed unevenly,

with recent immigrants, those with less education or English fluency, and those from low-income

countries poised to benefit the most. Across countries, we find large variations in immigrant

wedges and associated gains from removing them, with the U.S. exhibiting a level of immigrant

wedges and implied gains from removing them close to the averages across the countries in our

sample. We show that the gains from removing these wedges are affected by the prevalence of

immigrant non-employment as well as the concentration of wedges for high-productivity occupa-

tions and workers. Importantly, we also show that estimated immigrant wedges in our model are

correlated with occupation-specific licensing requirements in the U.S. and indexes on attitudes

and policies toward immigrants across countries. Finally, we demonstrate that immigrant wedges

affect the impact of alternative immigration policies. Thus, our results suggest that policymakers

should jointly address immigrant entry as well as labor market integration after entry.

Our analysis abstracts from how wedges affect individuals’ decisions to immigrate to other

countries. The magnitudes and distributions of immigrant wedges across individuals and occu-

pations may affect the composition of immigrants that decide to immigrate to another country.

This may in turn have implications on gains from removing wedges and affect the impact of

alternative immigration policies. We leave these considerations for future research.
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Online Appendix

A Model

In this section, we provide a formal definition of the equilibrium of the model.

Let each individual’s idiosyncratic productivity vector be denoted by α, and let ϕ(α) denote

the probability density function of individuals with vector α. Let the occupational choice of a

type i, subtype g, and idiosyncratic productivity vector α be denoted by Oig(α) ∈ {0, ..., J}.
A competitive equilibrium consists of prices

(
p, {pj}Jj=0, {w

j
ig}i,g,j>0, {wjk}k∈{nat,imm},j>0, w

0
)

and allocations
(
y, {yj}Jj=0, {n

j
ig}i,g,j>0, {njk}k∈{nat,imm},j>0, n

0, {Oig(α), `ig(α)}i,g
)

such that:

1. Given price p and wages {wjig}Jj=1 and w0, Oig(α) and `ig(α) solve the problem of each

individual of type i, subtype g, and productivity vector α.

2. Given price pj and wages {wjk}k, yj and {njk}k solve the problem of the representative firm

in the outer nest of each market occupation j = 1, ..., J .

3. For each group k ∈ {nat,imm}, given wages wjk and {wjig}i∈Ik,g, n
j
k and {njig}i∈Ik,g solve the

problem of the representative firm in the inner nest of each market occupation j = 1, ..., J .

4. Given price p0 and wage w0, y0 and n0 solve the problem of the representative firm in the

non-market occupation.

5. Given prices p and {pj}Jj=0, y and {yj}Jj=0 solve the problem of the final good producer.

6. Aggregate revenue collected through compensation wedges is equal to aggregate reimburse-

ments distributed to individuals:

I∑
i=1

G∑
g=1

Nig

J∑
j=0

∫
α

(τ jg + κjig)w
j
igz

j
igεj(α)`ig(α)I{j=Oig(α)}ϕ(α)dα

=
I∑
i=1

G∑
g=1

Nig

J∑
j=0

∫
α

s(1− τ jg − κ
j
ig)w

j
igz

j
igεj(α)`ig(α)I{j=Oig(α)}ϕ(α)dα.

7. Labor market clearing for individuals (i, g) in market occupation j = 1, ..., J is:

njig = Nig ×
∫
α

zjigεj(α)`ig(α)I{j=Oig(α)}ϕ(α)dα.

8. Labor market clearing in the non-market occupation is:

n0 =
I∑
i=1

G∑
g=1

(
Nig ×

∫
α

zjigε0(α)`ig(α)I{0=Oig(α)}ϕ(α)dα

)
.
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9. Market clearing of the final good is:
∑I

i=1

∑G
g=1

∫
α
cig(α)ϕ(α)dα = y.

For expositional simplicity, we do not use different notation to denote the demand and supply

of occupation-specific goods. Thus, we abstract from the market clearing conditions for such

goods, assuming that the same values that solve the problem of occupational goods producers

also solve the problem of the final good producer.

B Data

This section provides details about our main data sets, the ACS and the LIS, respectively.

B.1 ACS

We use ACS 2010-2019 data to estimate the model for the U.S. In this section, we provide

more details about the data, construction of variables, and measurement. In this data, we focus

on a sample of non-business owners between the ages of 25 and 54 who are not in military.

The ACS provides information on individuals’ citizenship and country of birth. The citizen-

ship variable allows us to identify people who are not U.S. citizens or naturalized citizens, while

the country of birth variable allows us to identify people born outside of the U.S. Using these

variables, we define immigrants as foreign-born individuals who are either naturalized citizens

or not citizens. This implies that natives’ foreign-born children are classified as natives.

In our analysis, we consider an economy where immigrants are divided along various dimen-

sions such as time since immigration, English fluency, and the income level of the country of

origin. First, the ACS asks asks the year a foreign-born individual immigrated to the U.S. We

use this information to classify immigrants into two groups based on the number of years since

immigration: recent immigrants, whose years since immigration is less than or equal to 10 years,

and established immigrants, whose years since immigration is higher than 10 years. Second,

respondents also provide information on how well they speak English. We group immigrants

into three groups based on their English fluency: immigrants who cannot speak English, im-

migrants who speak English but not well, and immigrants who speak English well (including

those who speak only English, those who speak English very well, and those who speak English

well). Finally, we divide immigrants into three groups based on the income level of their country

of origin. To do so, we use the 2019 GNI per capita data from the World Bank. We define

low-income countries as those whose GNI per capita is less than $3,995 in 2019 U.S. dollars,

middle-income countries as those whose GNI per capita is between $3,995 and $12,375, and

high-income countries as those whose GNI per capita is higher than $12,375. These cutoffs are

the values that the World Bank used in 2019 to divide countries into income groups.1 In addition

1The World Bank classifies countries into four groups: low income, lower-middle income, upper-middle income,
and high income. In our classifications, we combine the low income and lower-middle income groups into one
low-income group to increase the sample size for this group.
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Table A1: List of occupations

Non-routine cognitive Non-routine manual

Management, business, science, and arts (10-430) Healthcare support (3600-3650)

Business operations specialists (500-730) Protective service (3700-3950)

Financial specialists (800-950) Food preparation and serving (4000-4150)

Computer and mathematical (1000-1240) Building and grounds cleaning and maintenance (4200-4250)

Architecture and engineering (1300-1540) Personal care and service (4300-4650)

Technicians (1550-1560) Routine manual

Life, physical, and social science (1600-1980) Farming, fishing, and forestry (6005-6130)

Community and social services (2000-2060) Construction (6200-6765)

Legal (2100-2150) Extraction (6800-6940)

Education, training, and library (2200-2550) Installation, maintenance, and repair (7000-7630)

Arts, design, entertainment, sports, and media (2600-2920) Production (7700-8965)

Healthcare practitioners and technicians (3000-3540) Transportation and material moving (9000-9750)

Routine cognitive

Sales and related (4700-4965)

Office and administrative support (5000-5940)

Notes: This table presents a list of 25 market occupations included in our analysis. Standard Occupational Classification (SOC)
codes in the ACS are provided in parenthesis. For expositional purposes, some results in the paper are presented by grouping these 25
market occupations across for broad task-based occupation categories: non-routine cognitive, routine cognitive, non-routine manual,
and routine manual. The table above also list occupations grouped under these four categories.

to these dimensions of heterogeneity for the immigrants, we also group immigrants and natives

into subtypes based on their education, age, and gender.

We group occupations into 26 categories (25 market occupations and a non-market occu-

pation). Our grouping of market occupations closely follow two-digit 2010 SOC system, where

occupations are classified into 23 major groups.2

While our estimation and results are based on these 25 market occupations, for expositional

purposes, we often present results where we group these 25 market occupations into four task-

based occupation categories. Following Autor and Dorn (2013), we group occupations along

two dimensions of the characteristics of tasks required for the job: routine vs. non-routine and

cognitive vs. manual. We then assign 25 market occupations into one of the four task-based

occupation groups as in Cortes et al. (2020). Table A1 presents a list of 25 market occupations,

their SOC codes, and their classification into four task-based occupation groups.

B.2 LIS

Data. Here, we provide more details about the LIS data, which is used in our cross-country

analysis of immigrant wedges in Section 6. Specifically, we discuss the construction and mea-

surement of variables and provide additional empirical results.

The LIS provides cross-country survey data with individual-level information on labor market

2We have 25 market occupations instead of 23 occupations due to the following reasons. First, we do not
include military specific occupations, which is one of the occupation categories under SOC system. Second, we
separate business and financial operation occupations in the SOC system into two occupation categories (business
operations vs finance). Third, we separate technicians from architecture and engineering occupations. Finally,
we separate construction and extraction occupations into two occupation categories (construction vs extraction).
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outcomes and demographics. LIS data were published every five years from Wave 1 in 1980 to

Wave 5 in 2000. Starting with Wave 6 in 2004, new data became available every three years.

The latest wave is Wave 11, which collected data between 2018 and 2020. In our analysis, for

each country in the LIS database, we use all available data between 2010 and 2019. In our

sample, eight out of 19 countries have data for all years between 2010 and 2019, while three

other countries have data for all years between 2010 and 2018. On the other hand, we have data

for Russia only in 2010 and for Canada only in 2010 and 2011.

The LIS database provides individual-level data on demographics, including immigration

status, and labor market outcomes. Similar to the ACS, we define immigrants to be foreign-

born individuals. In terms of labor market related variables, the LIS contains individual-level

data on employment status (employed or non-employed), self-employment status, usual hours

worked in a week, weeks worked in a year, occupation, and total annual labor income. Using this

information, we follow the same process to construct our empirical moments on labor market

allocations as well as average annual earnings and hourly wages of each (type, subtype) in all

occupations (including the non-market occupation) across countries.3

Next, we discuss the additional details that are specific to our cross-country analysis using the

LIS. The annual labor income of individuals is provided in nominal local currency. We convert

labor income amounts to 2019 U.S. dollars using the PPP and CPI data provided by the LIS. We

unify occupation codes across countries in the following steps. First, the LIS data provide two-

digit ISCO codes for 13 of 19 countries in our sample. For these countries, we use the crosswalk

between the ISCO and SOC codes to obtain SOC codes, which then allows us to assign each

occupation into one of the four broad occupation groups using the SOC codes of these groups

presented in Table A1.4 Second, for Greece, Israel, and the U.K., the LIS only provides one-digit

ISCO codes. Using this information, we assign managers, professionals, and technicians and

associate professionals to non-routine cognitive occupations; services and sales workers to non-

routine manual occupations; clerical support workers to routine cognitive occupations; and craft

and related workers, plant and machine operators and assemblers, and elementary occupations

to routine manual occupations.5 Third, for Australia and Canada, the LIS provides occupation

codes based on national occupation classifications. For these two countries, we first use crosswalks

between country-specific occupation codes and the ISCO and then between the ISCO and SOC.

Once we obtain SOC codes for these countries, we use them to assign occupations into one of the

3For seven countries in our sample, we do not have data on annual weeks worked, which we use together with
usual hours worked in a week to calculate total annual hours worked and eventually hourly wages. For each
of these countries, we impute annual weeks worked by randomly assigning 52 weeks to 75% of employed and
26 weeks to the remaining 25% of employed population. This imputation is motivated by the fact that, among
countries that have information on annual weeks worked, around 75% of employed individuals report working 52
weeks in a year, while the majority of the remaining employed individuals work around 26 weeks.

4For France, occupation codes are based on two-digit European Socieconomic Groups (ESeG) classification,
where we use a crosswalk to obtain two-digit ISCO codes from ESeG codes.

5These choices are broadly consistent with the one-digit occupation classifications using the SOC codes.
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Figure A1: Cross-country differences in hourly wages between immigrants and natives
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A. Non-routine cognitive
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B. Non-routine manual
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C. Routine cognitive
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D. Routine manual

Notes: The figure shows the percent gap (calculated as immigrants/natives− 1) between hourly wages of immigrants and natives in
each occupation across countries using data from the LIS.

four broad occupation groups. For the U.S., the LIS already provides occupation codes based

on the Census classification. Finally, we also unify occupation codes over time in each country.

Additional results. In the main text, Figures 3 and 4 present cross-country differences in

allocations and annual earnings between all immigrants and natives. Here, we first provide cross-

country differences in hourly wages between all immigrants and natives in Figure A1. We find

that the average hourly wage gaps between immigrants and natives across occupations are similar

to annual earnings gaps presented in Figure 4. In particular, we find that the average hourly

wages of immigrants are (i) larger than those of natives in non-routine cognitive occupations in

around half of the countries in our sample, and (ii) lower than those of natives in non-routine

manual, routine cognitive, and routine manual occupations in almost all countries. Moreover,

we also find that magnitudes of these hourly wage gaps between immigrants and natives across

occupations vary significantly across countries.
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Figure A2: Allocations and annual earnings between immigrants and natives: Gender
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C. Annual earnings: Male
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D. Annual earnings: Female

Notes: This figure presents differences by gender in labor market allocations and annual earnings between immigrants and natives

across countries. For each country, we calculate the fraction of immigrants (natives) in each occupation among all immigrants (natives)

as well as the average annual earnings of immigrants and natives in each occupation. Panels A and B show the percentage-point

gap (calculated as immigrants− natives) between fractions of immigrants and natives in each occupation across countries separately

for males and females, respectively. Panels C and D show the percent gap (calculated as immigrants/natives − 1) between annual

earnings of immigrants and natives in each occupation across countries for the same gender groups, respectively. Harmonized data

on immigration status, employment, earnings, and demographics are obtained from the LIS database.
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Figure A3: Allocations and annual earnings between immigrants and natives: Education
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C. Annual earnings: Non-college
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D. Annual earnings: College

Notes: This figure presents differences by education in the labor market allocations and annual earnings between immigrants and

natives across countries. For each country, we calculate the fraction of immigrants (natives) in each occupation among all immigrants

(natives) as well as the average annual earnings of immigrants and natives in each occupation. Panels A and B show the percentage-

point gap (calculated as immigrants − natives) between fractions of immigrants and natives in each occupation across countries

separately for individuals without a college degree and with a college degree, respectively. Panels C and D show the percent gap

(calculated as immigrants/natives−1) between annual earnings of immigrants and natives in each occupation across countries for the

same education groups, respectively. Harmonized data on immigration status, employment, earnings, and demographics are obtained

from the LIS database.
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Figure A4: Allocations and annual earnings between immigrants and natives: Age
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C. Annual earnings: 25-34
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D. Annual earnings: 35-44

Notes: This figure presents differences in labor market allocations and annual earnings between immigrants and natives across

countries for different age groups. For each country, we calculate the fraction of immigrants (natives) in each occupation among all

immigrants (natives) as well as the average annual earnings of immigrants and natives in each occupation. Panel A and B show the

percentage-point gap (calculated as immigrants − natives) between fractions of immigrants and natives in each occupation across

countries separately for individuals of ages between 25 and 34 and 35 and 44, respectively. Panels C and D show the percent gap

(calculated as immigrants/natives − 1) between annual earnings of immigrants and natives in each occupation across countries for

the same age groups. Harmonized data on immigration status, employment, earnings, and demographics are obtained from the LIS

database.

8



Next, in Figures A2, A3, and A4, we document how allocations and annual earnings gaps

between immigrants and natives in various gender, education, and age groups differ across coun-

tries, respectively.6 We highlight the following observations. First, in the U.S., the fraction of

male immigrants in non-routine cognitive occupations is comparable to that of male natives. In

contrast, the fraction of male immigrants in these occupations is significantly lower than that

of male natives in most other countries. On the other hand, a salient feature across almost all

countries is that there is a much larger fraction of female immigrants in the non-market occu-

pation than female natives in that occupation. Second, in terms of annual earnings, the average

earnings of immigrants with or without a college degree are typically lower than their native

counterparts across all occupations in almost all countries. Finally, we also find that life-cycle

effects impact the earnings gaps between immigrants and natives differently across countries.

For instance, in the Netherlands, the average earnings of immigrants between ages 25 and 34 are

lower in non-routine cognitive occupations than those of natives in the same age group. This

gap becomes smaller for individuals between ages 35 and 44. However, in Germany, immigrants

between ages 25 and 34 also earn less than natives in this age group in non-routine manual

occupations and this gap widens further for individuals between ages 35 and 44. These findings

emphasize the importance of accounting for demographic differences between immigrants and

natives across countries when estimating the model.

C Estimation

This section provides derivations of model equations used in Section 3 when estimating the

model. We then provide additional results in relation to our discussions in Section 3.

C.1 Derivations

We first present the derivation of Equations (1)-(5) in the paper.

Preliminaries. Our derivation of these equations relies on a few auxiliary results that are used

throughout. The derivation of these auxiliary results is standard—for further details on some of

these, see the appendix of Hsieh et al. (2019).

First, we have that the probability that workers (type, subtype) (i, g) choose occupation

j = 0, ..., J is given by:

pjig =

[
(1 + γjig)ν

j
g

(
1− τ jg − κ

j
ig

)
wjigz

j
ig

]η∑J
q=0

[
(1 + γqig)ν

q
g

(
1− τ qg − κqig

)
wqigz

q
ig

]η .
Second, we have that the geometric average earnings of a worker (type, subtype) (i, g) in

occupation j is given by:

6Results for hourly wage gaps are similar to those for annual earnings gaps.
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Earningsjig =
[
(1/p)

(
1 + γjig

)
νjg
]ξ [(

1− τ jg − κ
j
ig

)
wjigz

j
ig(1 + s)

]1+ξ

(
1

pjig

) 1+ξ
η

exp

[
(1 + ξ)γem

η

]
,

where γem is the Euler-Mascheroni constant.

Third, we have that the optimal labor demand in the inner nest of outer nest v in occupation

j under perfect substitution is given by:∑
i∈Iv

G∑
g=1

njig =

(
wjv
pj

)−σj
A
σj−1
j yj.

Fourth, we have that the demand for the goods produced in occupation j is:

yj =

(
pj
p

)−σ
y.

Finally, we have that the labor market clearing condition for workers (type, subtype) (i, g)

in market occupation j = 1, ..., J can be expressed as:

njig = Nigz
j
ig

[
(1/p)(1 + γjigν

j
g

(
1− τ jg − κ

j
ig

)
wjigz

j
ig(1 + s)

]ξ (
pjig
) η−(1+ξ)

η Γ

(
1− 1 + ξ

η

)
.

Equation 1. Consider a pair (type, subtype) (i, g) and two alternative occupations j and k.

The ratio of the geometric average earnings of these workers across the occupations is given by:

Earningsjig

Earningskig
=

[(
1 + γjig

)
νjg
]ξ [(

1− τ jg − κ
j
ig

)
wjigz

j
ig

]1+ξ[(
1 + γkig

)
νkg
]ξ [(

1− τ kg − κkig
)
wkigz

k
ig

]1+ξ

(
pkig

pjig

) 1+ξ
η

.

Plugging in the corresponding expressions for pjig and pkig and then simplifying, we obtain

Equation (1):

Earningsjig

Earningskig
=

(1 + γkig)ν
k
g

(1 + γjig)ν
j
g

.

Equation 2. We derive Equation (2) by considering two worker (type, subtype) pairs (i, g)

and (q, r) who choose a given occupation j:

Earningsjig

Earningsjqr
=

[(
1 + γjig

)
νjg
]ξ [(

1− τ jg − κ
j
ig

)
wjigz

j
ig

]1+ξ[(
1 + γjqr

)
νjr
]ξ [(

1− τ jr − κjqr
)
wjqrz

j
qr

]1+ξ

(
pjqr

pjig

) 1+ξ
η

.

We have that Equation (2) follows from setting j = 0 and (q, r) to base (type, subtype) pair

(b,m) given that (i) wages are equated across worker types in the non-market occupation, (ii)

immigrant compensation and labor supply wedges are normalized to zero in occupation j = 0,

(iii) common preferences are normalized to one and common compensation wedges are normal-

ized to zero in occupation j = 0, (iv) productivity of base (type, subtype) in occupation j = 0
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is normalized to one, and (v) earnings in the non-market occupation is set to a fraction λ of the

weighted average of annual earnings across all market occupations for each (type, subtype).

Equation 3. We derive Equation (3) by considering a worker (type, subtype) (i, g) and two

alternative occupations j and k. Our starting point are the relative allocations within workers

across occupations:

pjig
pkig

=

[
(1 + γjig)ν

j
gWagesjigz

j
ig

(1 + γkig)ν
k
gWageskigz

k
ig

]η
.

This expression follows from simplifying the ratio of probabilities pjig presented earlier in this

section. Setting k = 0 and plugging Equation (1) we obtain the desired expression.

Equation 4. We derive Equation (4) by considering consider two outer nests v and q in a given

occupation j.

The first part of the derivation consists of obtaining an expression for relative wages wjig
as a function of observables and/or parameters that can be backed out from observables up to

this point. On the one hand, we compute the relative demand for labor across workers within

occupations: ∑
i∈Iv

∑G
g=1 n

j
ig∑

i∈Iq
∑G

g=1 n
j
ig

=

(
wjv
wjq

)−σj
.

On the other hand, we use the market clearing conditions to compute the relative amount of

labor across workers within occupations:

∑
i∈Iv

∑G
g=1 n

j
ig∑

i∈Iq
∑G

g=1 n
j
ig

=

(
wjv
wjq

)ξ ∑
i∈Iv

∑G
g=1Nigz

j
ig

[
(1 + γjig)ν

j
g

(
1− τ jg − κ

j
ig

)
zjig
]ξ (

pjig
) η−(1+ξ)

η∑
i∈Iq

∑G
g=1Nigz

j
ig

[
(1 + γjig)ν

j
g

(
1− τ jg − κjig

)
zjig
]ξ (

pjig
) η−(1+ξ)

η

.

Equating the left-hand side of these expressions, we solve for relative wages:

wjv
wjq

=


∑

i∈Iv
∑G

g=1 Nigz
j
ig

[
(1 + γjig)ν

j
gWagesjigz

j
ig

]ξ (
pjig
) η−(1+ξ)

η∑
i∈Iq

∑G
g=1 Nigz

j
ig

[
(1 + γjig)ν

j
gWagesjigz

j
ig

]ξ (
pjig
) η−(1+ξ)

η


−1
σj

.

We plug this expression into the following expression that characterizes ratio of observed

hourly wages:

Wagesjig

Wagesjqr
=

(
1− τ jg − κ

j
ig

)
wjig(

1− τ jr − κjqr
)
wjqr

.
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Equation (4) results from combining these expressions where we set q = 1 (i.e., natives) which

implies setting κjqr = 0 and dropping summations over i ∈ Iq as there is only one native type

(all natives).

Equation 5. Consider now the relative demand for labor across market occupations j and k

within outer nest v: ∑
i∈Iv

∑G
g=1 n

j
ig∑

i∈Iv
∑G

g=1 n
k
ig

=

(
wjv
pj

)−σj
A
σj−1
j yj(

wkv
pk

)−σk
Aσk−1
k yk

.

Plugging in the solution to the final good producer’s problem, we obtain:∑
i∈Iv

∑G
g=1 n

j
ig∑

i∈Iv
∑G

g=1 n
k
ig

=

(
wjv
pj

)−σj
A
σj−1
j(

wkv
pk

)−σk
Aσk−1
k

(
pj
pk

)−σ
.

Let σj = σk = σ for all j and k. Then, the expression can be simplified to obtain:

Aj =

{(
wjv
wkv

)σ
Aσ−1
k

∑
i∈Iv

∑G
g=1 n

j
ig∑

i∈Iv
∑G

g=1 n
k
ig

} 1
σ−1

.

Then, we obtain Equation (5) by implementing the following steps: (i) plug in the respective

labor market clearing conditions, (ii) substitute the wage ratio used in the last step of the

derivation of Equation (4), (iii) set k = 1 with normalization A1 = 1, and (iv) write the

equation for base (type, subtype) (b,m) (and dropping summations over i ∈ Iv as the base type

is natives and there is only one native type) and simplify.

C.2 Additional results

Average human capital across immigrants, emigrants, and non-migrants. In Section

3.2, in order to discipline the shape parameter ηi of the Frechet distribution of idiosyncratic

productivities across immigrants and natives, we provide a discussion on empirical findings in

Martellini, Schoellman, and Sockin (2023). Here, Figure A5 is copied from Martellini, Schoell-

man, and Sockin (2023) to provide ease of reference. For each country c, Panel (a) shows the log

difference in average human capital for emigrants from c as compared to non-migrants. Panel

(b) shows the same for immigrants to c relative to non-migrants. Countries are ordered in PPP

GDP per worker (in log scale) in horizontal axis of both figures. For more details, please refer

to Martellini, Schoellman, and Sockin (2023).

Estimation results. Table A2 shows the model counterparts of the empirical moments pre-

sented in Table 1. Overall, the model closely matches the empirical moments in Table 1.
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Figure A5: Average human capital of emigrants and immigrants relative to non-migrants

Source: Martellini, Schoellman, and Sockin (2023)

Notes: This figure is copied from Martellini, Schoellman, and Sockin (2023) to provide ease of reference. For each country c, Panel
(a) shows the log difference in average human capital for emigrants from c as compared to non-migrants. Panel (b) shows the same
for immigrants to c relative to non-migrants. Countries are ordered in PPP GDP per worker (in log scale) in horizontal axis of both
figures. For more details, please refer to Martellini, Schoellman, and Sockin (2023).

D Additional Results

In this section, we provide additional results to complement our discussions in Section 4.

Quantitative significance of aggregate gains from removing immigrant wedges. In

Section 4.2, we discuss an exercise to evaluate the quantitative significance of our findings on the

aggregate real GDP gains from removing immigrant wedges. In this section, we provide more

details about this exercise and present the results.

When evaluating the quantitative significance of our findings, we need to confront the obser-

vation that the aggregate effects of removing immigrant wedges are naturally a function of the

share of immigrants in the economy. If immigrants are few, then mechanically the effects will

be estimated to be modest even if the distortions are substantial. Thus, we put our findings in

context by comparing the effects from removing immigrant wedges to the overall contribution

of immigrants to the U.S. economy. We compute the contribution of immigrants in the U.S.

by comparing the baseline model with a counterfactual economy without immigrants, which we

solve by setting the mass of immigrants to zero.

Table A3 reports the value of real GDP, TFP, employment, and average hours worked for

three economies: the economy without immigrants (no immigrants), the baseline economy (the

economy with immigrants and immigrant wedges), and the economy with immigrants but with-

out immigrant wedges examined above (no immigrant wedges). We find that the real GDP gains

from immigration are equal to 28.2% relative to an economy without immigrants (1/0.78). This
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Table A2: Estimation results for distribution, annual earnings, and hourly wages

Distribution

Occupation type N I0−10 I10+ ILow Eng IHigh Eng ILIC IHIC

Non-routine cognitive 0.32 0.26 0.25 0.02 0.34 0.36 0.44

Non-routine manual 0.11 0.19 0.18 0.23 0.15 0.16 0.10

Routine cognitive 0.19 0.11 0.14 0.05 0.15 0.14 0.16

Routine manual 0.16 0.20 0.24 0.36 0.18 0.15 0.10

Non-market 0.22 0.25 0.20 0.34 0.18 0.19 0.20

Annual earnings

Occupation type N I0−10 I10+ ILow Eng IHigh Eng ILIC IHIC

Non-routine cognitive 1.75 1.88 2.17 1.23 2.12 2.18 2.41

Non-routine manual 0.75 0.55 0.68 0.48 0.71 0.67 0.81

Routine cognitive 1.03 0.81 1.01 0.61 1.01 0.94 1.28

Routine manual 1.06 0.74 0.93 0.62 1.00 0.94 1.32

Hourly wages

Occupation type N I0−10 I10+ ILow Eng IHigh Eng ILIC IHIC

Non-routine cognitive 1.75 1.88 2.17 1.23 2.12 2.18 2.41

Non-routine manual 0.75 0.55 0.68 0.48 0.71 0.67 0.81

Routine cognitive 1.03 0.81 1.01 0.61 1.01 0.94 1.28

Routine manual 1.06 0.74 0.93 0.62 1.00 0.94 1.32

Notes: This table presents model-implied targeted moments for the allocation of individual types as well as their annual earnings
and hourly wages across occupations. We first calculate the outcomes for each individual (type, subtype) pair in each 25 occupation.
For expositional purposes, we report the average moments for natives and immigrant types across four broad occupation categories,
where we assign 25 market occupations into categories based on their skill and task-intensity: non-routine cognitive, non-routine
manual, routine cognitive, and routine manual. The distribution of individuals across occupations is conditional on each worker
type. Annual earnings and hourly wages are expressed relative to respective values for the base native subtype and occupation:
native males of ages 25 to 34 without high school degree and employed in management, business, science, and arts occupations. N
denotes natives, I0−10 denotes recent immigrants (≤ 10 years), I10+ denotes established immigrants (>10 years), ILow Eng denotes
low English proficiency immigrants, IHigh Eng denotes high English proficiency immigrants, ILIC denotes immigrants originating from
low-income countries, and IHIC denotes immigrants originating from high-income countries.

Table A3: Gains from removing immigrant barriers vs. gains from immigration

Real GDP TFP Employment Hours

No immigrants 0.78 0.98 0.80 0.99

Baseline 1.00 1.00 1.00 1.00

No immigrant wedges 1.07 1.02 1.02 1.02

Gains ratio 24.8

Notes: This table presents a comparison of real GDP, TFP, employment, and average hours worked under three scenarios: (i) the
economy without immigrants (no immigrants), (ii) the baseline economy (the economy with immigrants and immigrant wedges), and
(iii) the economy with immigrants but without immigrant wedges examined above (no immigrant wedges).

implies that the real GDP gains from removing immigrant wedges are 24.8% of the total gains

from immigration (6.98/28.2). Hence, we conclude that immigrants’ current contribution to the
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Figure A6: Real GDP gains and sources of real GDP gains across all market occupations

(a) Real GDP gains
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(b) Decomposition of sources of real GDP gains
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Notes: Panel (a) plots real GDP gains from removing immigrant wedges across all market occupations and Panel (b) provides a
decomposition of contribution of TFP, employment, and average hours changes to total real GDP gains across these occupations.

U.S. economy would increase by 24.8% in the absence of immigrant wedges.

Effects of removing immigrant wedges across all occupations. Table 4 in Section 4.2

analyzes the effects of removing immigrant wedges across occupations, where we grouped oc-

cupations into four broad task-based occupation categories for expositional purposes. Here, we

now provide results across all 26 occupations in our analysis.

Panel (a) in Figure A6 provides real GDP gains from removing immigrant wedges across all

market occupations. We find that gains are highest in farming, fishing (agriculture), and forestry

occupation and lowest in management, business, science, and arts (management) occupations.

Overall, we find that highest real GDP gains are typically in non-routine occupations, while

lowest real GDP gains are typically in routine occupations.

Panel (b) in Figure A6 provides a decomposition of real GDP gains due to changes in TFP,

employment, and average hours worked across market occupations. Among occupations with

highest real GDP gains, we find that increases in employment are typically the major source

behind these gains, except agriculture and forestry, business, and computer and mathematical

occupations. In agriculture and forestry the increase in average hours worked is the main driver

of real GDP gains, while increases in TFP are the primary source behind real GDP gains in

business, and computer and mathematical occupations. On the other hand, among occupations

with lowest real GDP gains, we find much smaller employment gains. In these occupations,

around half of real GDP gains are typically accounted for by increases in TFP.

Removing immigrant wedges for each immigrant type/subtype. Table 6 in Section 4.3

presents the gains associated with removing immigrant wedges faced by specific immigrant types
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Table A4: Reallocation arising from removing wedges by immigrant type/subtype

Wedges Mass of subtype Non-routine Non-routine Routine Routine Non-

removed (% change) cognitive manual cognitive manual market

By age

25-34

25-34 23.58 25.14 -1.32 -10.41 -34.20

35-44 -0.33 -0.54 0.21 0.10 0.65

45-54 -0.34 -0.50 0.24 0.06 0.68

35-44

25-34 -0.77 -0.79 0.40 0.15 1.06

35-44 20.98 26.72 -2.69 -5.49 -42.53

45-54 -0.55 -0.81 0.35 0.18 1.02

45-54

25-34 -0.15 -1.24 0.06 0.05 1.00

35-44 -0.08 -1.20 0.06 0.07 1.03

45-54 8.37 33.98 6.95 -2.21 -45.04

By degree

Less than high school

Less than high school 312.72 27.12 16.49 -10.69 -46.81

High school -0.70 -0.69 0.17 0.13 0.74

Less than college -0.66 -0.60 0.25 0.29 0.80

College -0.54 -0.28 0.70 0.78 1.22

High school

Less than high school -0.37 -0.96 0.02 0.18 0.67

High school 94.83 33.99 0.77 -13.21 -53.68

Less than college -0.39 -1.16 0.32 0.26 1.01

College -0.23 -1.17 0.29 0.29 0.96

Less than college

Less than high school -0.19 -0.35 -0.12 -0.06 0.46

High school -0.14 -0.42 -0.05 0.00 0.56

Less than college 19.57 21.03 0.03 3.03 -46.00

College -0.12 -0.57 0.00 0.09 0.60

College

Less than high school 0.10 -0.45 0.18 -0.09 0.49

High school -0.08 -0.52 0.14 0.03 0.49

Less than college -0.24 -0.52 0.14 0.08 0.56

College -0.62 34.40 -6.21 31.85 -16.95

Notes: This table presents the percent changes in the masses of immigrants allocated to market and non-market occupations arising
from the removal of immigrant distortions for a specific immigrant type or subtype. The first column refers to the subtype of
immigrants for whom distortions are removed in the counterfactual, while the second column refers to the subtype of immigrants for
whom changes in the occupational distribution are being presented.

or subtypes. In order to provide further intuition for the results in Table 6, Table A4 presents

the percent change in the mass of immigrants across market and non-market occupations under

selected counterfactual economies wherein immigrant distortions for a specific immigrant type

or subtype is removed. For example, the first three rows pertain to changes in the distribution
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Table A5: Gains from removing immigrant wedges by occupation

Occupation type
Real GDP Share of population Real GDP growth

(% change) (baseline level, %) per 1% of imm. (%)

Non-routine cognitive 5.11 4.82 1.06

Non-routine manual 0.38 3.43 0.11

Routine cognitive 0.84 2.44 0.34

Routine manual 0.99 4.25 0.23

Notes: This table presents the effects of removing immigrant wedges by occupation on real GDP. We note that we implement
this exercise by removing wedges for each of the 25 market occupations separately, but present results in this table by four broad
occupation categories for expositional purposes. The first column presents the percent change in real GDP when immigrant wedges
in a given occupation are removed relative to the baseline economy. The second column presents the share of immigrants in each
occupation in the total population. Finally, the third column presents the ratio of real GDP growth (column 1) to the share of each
occupation in the economy (column 2) to adjust for heterogeneity in the mass of individuals across occupations.

of immigrants in three categories of age across occupations under an economy where distortions

for immigrants of ages between 25 and 34 are removed. A discussion of the results presented in

Table A4 is provided around Table 6 in the main text.

Removing immigrant wedges for each occupation. In Section 4.3, we briefly mention

results on the degree of heterogeneity in real GDP gains from removing immigrant wedges across

occupations. Here, we provide these results in detail.

Table A5 presents the gains from removing immigrant wedges by occupation. To do so, for

each of the 25 market occupations j, we examine the impact of removing the immigrant wedges

of all immigrants in occupation j while keeping wedges in other occupations unchanged.7 Table

A5 shows that real GDP gains per immigrant from removing immigrant barriers are highest

when these barriers are removed in non-routine cognitive occupations and lowest when they are

removed in non-routine manual occupations.

E Results under Alternative Parametrizations

In this section, we provide our main results on changes in aggregate real GDP, TFP, employment,

and hours worked when immigrant wedges are removed under alternative parametrizations of our

baseline model using the ACS, as mentioned in Section 8. We consider (i) alternative production

technologies that differ in how labor bundles are aggregated across worker types and subtypes

(e.g., different nesting, as well as different elasticities), and (ii) alternative values for other

predetermined parameters. In each of these cases, we re-estimate the model’s parameters and

wedges and then compute changes in aggregate real GDP, TFP, employment, and hours worked

when immigrant wedges are removed. These results are summarized in Table A6. Overall,

our main results remain similar to our baseline results with two intuitive exceptions: A lower

7We note that we implement this exercise by removing wedges for each of the 25 market occupations separately,
but present results in this table by four broad occupation categories for expositional purposes.
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Table A6: Gains from removing immigrant wedges under alternative parametrizations

Percent change Change in

Real GDP TFP Employment Hours immigrant share (pp)

Baseline 6.98 2.48 1.91 2.43 1.62

Elasticity of substitution between natives and immigrants with σj = 4.6 11.86 4.92 2.93 3.58 2.99

Imperfect substitution across natives and all immigrant types 8.86 2.76 3.08 2.77 2.61

Imperfect substitution between education groups 7.11 2.50 1.95 2.50 1.65

Perfect substitution across natives and all immigrant types 6.37 2.22 1.67 2.34 1.37

Higher value for elasticity of substitution across subtypes in inner nest 7.21 2.40 2.25 2.39 1.89

25 percent UI replacement rate, λ = 0.25 6.90 2.49 1.91 2.34 1.62

75 percent UI replacement rate, λ = 0.75 7.04 2.46 1.91 2.51 1.62

Notes: This table presents the percent change in aggregate real GDP, TFP, employment, and hours when immigrant wedges are set
equal to their counterpart natives of the same subtype under alternative values of model parameters. Please refer to main text for a
detailed discussion on these exercises.

substitutability of labor bundles between natives and all immigrants or a lower substitutability

of labor bundles across different immigrant types leads to larger gains from removing immigrant

wedges. Below, we provide details about these exercises.

First, in Section 3.2, following Ottaviano and Peri (2012), we set the elasticity of substitution

between natives and immigrants in the outer nest to σj = 20 ∀j = 1, ..., J . While this is

their preferred estimate when the native-immigrant elasticity is restricted to be the same for all

education groups as in our baseline estimation, we acknowledge that there are alternative values

used across different studies. For this reason, we present our main results under σj = 4.6 ∀j =

1, ..., J as in Burstein, Hanson, Tian, and Vogel (2020). Intuitively, when immigrant and native

labor bundles are much less substitutable, real GDP gains from removing immigrant wedges

becomes much larger, increasing to 11.86% from its baseline value of 6.98%.

Second, in our model, we assume that the outer nest aggregates labor bundles of natives

and all types of immigrants (without taking into account different immigrant types). Here, we

make a change to the production technology so that the outer nest aggregates worker bundles of

natives and all 18 types of immigrants (i.e., an aggregation across 19 worker bundles instead of

2 in the baseline specification). Recall that, in Section 3.3, we assume that labor bundles in the

outer nest are imperfect substitutes, while labor bundles in the inner nest are perfect substitutes.

Thus, the implication of this change in the production technology is that immigrants of different

types now become imperfectly substitutable. This captures the possibility that immigrants with

different characteristics based on time since arrival, fluency in English, and the income level

of country of origin may be imperfectly substitutable. As Table A6 shows, when these types

of immigrants are imperfect substitutes, real GDP gains from removing immigrant wedges are

larger. This exercise shows that our baseline specification where all immigrant types are perfect

substitutes sets a lower bar for gains from removing wedges. When all types of immigrants are

imperfect substitutes, our framework predicts much larger gains from removing wedges.

Third, we make another change to the production technology such that individuals with
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different education levels are imperfect substitutes. Specifically, the outer nest now aggregates

worker bundles between natives with a college degree, natives without a college degree, immi-

grants with a college degree, and immigrants without a college degree. We find that this change

in the production technology does not largely alter our main results.

Fourth, we check our main results when we assume perfect substitution between labor bundles

in the outer nest that aggregates labor bundles of natives and all types of immigrants. We

approximate perfect substitution in the outer nest with σj = 40 ∀j = 1, ..., J , the same value we

use to approximate perfect substitution in the inner nest with σ̃j = 40 ∀j = 1, ..., J . Because our

baseline calibration with σj = 20 ∀j = 1, ..., J already assumes a large degree of substitutability

across immigrant and native labor bundles in the outer nest, our results do not significantly

change when we instead assume σj = 40 ∀j = 1, ..., J .

Fifth, in our estimation, we approximate the perfect substitution across labor bundles in the

inner nest with σ̃j = 40 ∀j = 1, ..., J . Table A6 shows that our results remain similar under a

higher value of this elasticity (i.e., σ̃j = 80 ∀j = 1, ..., J).

Finally, for each individual (type, subtype) pair, we set annual earnings in the non-market

occupation to be 50 percent of the weighted average annual earnings across all market occupa-

tions, i.e., λ = 0.5. We find that using alternative values, i.e., λ = 0.25 or λ = 0.75, does not

largely alter our results.
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