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Abstract

We examine the e↵ects of a large, federal immigration enforcement policy–Secure
Communities (SC)–on the labor market outcomes of both citizen and non-citizen work-
ers. 450,000 individuals were deported under SC, 96% of whom were male. We use the
county-by-county rollout of SC to estimate a di↵erence-in-di↵erence model. We find
that SC decreased the employment of low-skilled male non-citizen workers and nega-
tively impacted the employment of male citizens in middle to high-skill occupations.
The evidence suggests this spillover e↵ect onto citizens is due to complementarities
in production across skill groups. This is the first quasi-experimental evidence on
the labor market e↵ects of immigration enforcement policies on citizens, which is of
paramount importance given ongoing immigration policy debates.
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1 Introduction

Approximately 8 million undocumented immigrants participated in the U.S. labor market in

2015, constituting about five percent of the total U.S. labor force (Passel and Cohn, 2016).

An increasing number of policies aimed at reducing the number of undocumented immigrants

through deportations have been implemented in the past two decades, but it is still largely

unknown how such policies have impacted the U.S. labor market and to what extent they

have been costly or beneficial to U.S. firms and citizen workers across the skill distribution

(Chassamboulli and Peri, 2015).1

This is the first paper to examine the impacts of a nationwide immigration enforcement

policy on the labor market outcomes of likely undocumented immigrants and citizen workers.

Specifically, we analyze the labor market e↵ects of one of the largest immigration enforcement

policies in the U.S.: Secure Communities (SC).2 SC was designed to increase information

sharing between local police agencies and the federal government in an attempt to detect and

remove undocumented immigrants. The policy was ultimately adopted by all U.S. counties

and more than 454,000 individuals, 96% of whom were male, were removed under SC during

2008-2015.3 As a result, SC led to a significant decrease in the availability of low-skilled

men through its direct impact on deportations, and potentially because of “chilling e↵ects”

due to the increased risk of deportation among immigrants. These chilling e↵ects of SC may

have led to self-deportations, reduced the number of incoming undocumented immigrants,

and impacted the willingness of immigrants to work outside the home in order to limit

interactions with the local police (Kohli et al., 2011).4

The implementation of SC provides an ideal natural experiment to measure the ef-

fects of a decrease in the supply of low-skilled immigrants on labor market outcomes. First,

because the Department of Homeland Security (DHS) was unable to simultaneously imple-

ment SC nationwide, the program was rolled out on a county-by-county basis over 4 years.

1A large body of literature has focused on analyzing the e↵ect of migration inflows on native wages and
employment. See for example, Card (2001), Borjas (2003), Boustan et al. (2010), and Dustmann et al. (2017).
For excellent reviews of the literature see Friedberg and Hunt (1995), Longhi et al. (2005), and Longhi et al.
(2006). Previous studies on the labor market impacts of recent immigration enforcement policies in the U.S.
have mostly focused on the direct e↵ects on the migrant population. See Phillips and Massey (1999), Bansak
and Raphael (2001), Orrenius and Zavodny (2009), Amuedo-Dorantes and Bansak (2014), and Orrenius and
Zavodny (2015).

2Other immigration enforcement policies, such as 287(g) agreements and E-Verify, di↵er from SC in their
implementation and design. For instance, 287(g) agreements train local police to act as immigration agents
(Pham and Van, 2010; Bohn and Santillano, 2017). E-Verify is designed to curb access to employment, but
not to deport undocumented immigrants (Karoly and Perez-Arce, 2016).

3Statistics on removals under SC come from the Transactional Records Access Clearinghouse (TRAC).
4Wang and Kaushal (2018) found that the implementation of 287(g) agreements and Secure Communities

increased the share of Latino immigrants with mental distress.
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Cox and Miles (2013) provide evidence that, after controlling for geographic and year fixed

e↵ects, the rollout of SC was largely exogenous to county characteristics such as crime or

unemployment rates. We provide additional evidence on the exogeneity of the rollout of SC

through an event-study analysis that shows no significant di↵erences in trends in labor mar-

ket outcomes before implementation. Thus, the timing of SC implementation can be thought

of as plausibly exogenous and labor market impacts are identified o↵ of the di↵erential tim-

ing of SC implementation across counties. Second, the relative speed of the rollout, and the

fact that all U.S. counties eventually adopted SC, limits the scope of cross-county mobility

by immigrants and natives alike, and thus concerns about spatial arbitrage of employment

should be minimal (Borjas, 2003; Borjas and Katz, 2007; Cadena and Kovak, 2016).

We use data from the 2005-2014 American Community Survey (ACS) and conduct

the analysis at the Public-Use Microdata Area (PUMA) level - the smallest, comprehensive

geographic area available in the public-use data. We analyze the e↵ects of SC on non-citizen

workers, as well as citizen workers–which include all U.S.-born individuals and naturalized

foreign-born citizens. Within the non-citizen group, we cannot precisely distinguish between

documented and undocumented immigrants because documentation status is not available

in the data. Instead, we consider two groups of immigrant workers: the first includes all non-

citizens, and the second includes all non-citizens with a high-school degree or less: we call

this group “low-skilled non-citizens”.5 Given that most undocumented immigrants have low

levels of education, we believe the latter group captures a large portion of the undocumented

population that will be directly a↵ected by SC.

The results indicate that the introduction of SC is associated with a roughly 0.75%

reduction in a PUMA’s total male employment, measured as a share of PUMA working age

population. We further find that this reduction comes from a decrease in the employment

of both male citizen and male non-citizen workers. Specifically, SC is associated with a

reduction of 3.4% in the employment of male non-citizens, and a reduction of 5% in the

employment of low-skilled male non-citizens–the latter of whom are most likely to be directly

a↵ected by the policy as undocumented immigrants have low levels of education on average.

For male citizens, the results indicate that SC is associated with a decline in employment of

0.5%. Interestingly, we find no analogous e↵ects for females regardless of citizenship status.

The lack of e↵ects for women suggest that non-citizen women are less a↵ected by SC, and

there are little spillover e↵ects on to citizen women.

Recent research indicates that the degree to which the arrival (or the removal) of

5Non-citizens refer to foreign-born individuals who report not holding U.S. citizenship.
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immigrants impacts the labor market outcomes of natives crucially depends on the skill

composition of immigrants, and their degree of substitutability with native workers across

the skill distribution (Borjas, 2003; Ottaviano and Peri, 2012; Dustmann et al., 2017; Lee et

al., 2017). To better understand the impact of SC on employment across the occupational

skill distribution, we generate four skill groups containing occupations based on the share

of workers with at least a college degree.6 The results show that SC has a negative and

statistically significant e↵ect on the employment of male citizen and non-citizen workers in

the middle part of the occupational skill distribution (middle two quartiles). Specifically, SC

is associated with a reduction of 2.6% in the employment of male citizen workers in middle- to

high-skill occupations, and this drives the e↵ect on overall employment for citizens males. In

contrast, the e↵ect on low-skilled male non-citizens is concentrated in the low- to middle-skill

occupations and is much larger–about a 13.5% reduction in employment.

To shed light on the mechanism through which immigration enforcement policies impact

the employment of citizens in high-skilled occupations, we rely on the predictions of a job

search model by Chassamboulli and Peri (2015). In their model, a policy aimed at reducing

the number of undocumented immigrants will have a negative e↵ect on the employment of

high-skilled citizen workers if the two groups of workers are complements in production. To

provide further support that complementarities in production are the main mechanism, we

show that the e↵ect on citizen men in high-skilled occupations is larger in sectors which relied

more heavily on low-skilled non-citizen labor prior to SC, and these are also the sectors that

see the largest declines in male non-citizen employment. Moreover, we show graphically that

there is a positive relationship between the size of the e↵ect on male non-citizens and male

citizens across sectors.7

More broadly, this paper contributes to the existing literature in a number of important

ways. First, unlike most previous studies, we examine the impact of reducing the supply

of male undocumented immigrants on labor market outcomes. This is an important dis-

tinction because undocumented immigrants who have already been integrated in the U.S.

labor market are likely to di↵er in their skills compared to newly arrived immigrants. As a

result, reducing the supply of a more assimilated group of immigrants is likely to generate

di↵erent short-run capital and technology adjustments compared to adjustments in response

to an inflow of newly arrived immigrants (Clemens et al., 2018).8 For these reasons, the

6For expositional purposes, Appendix Table (A1) reports 10 occupations near the 25th percentile of
the occupational skill distribution and 10 occupations near the 75th percentile of the occupational skill
distribution, measured by the share of workers with a college degree in each occupation.

7Beerli and Peri (2015) and Lee et al. (2017) also find evidence for complementarities between low-skilled
immigrants and high-skilled natives.

8While the vast majority of the literature has examined the e↵ect of immigration inflows on natives’ labor
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implementation of SC provides a compelling natural experiment to examine the degree of

substitution or complementarity between non-citizen and citizen workers.

Second, the analysis relies on quasi-experimental variation to estimate the extent of this

substitution or complementarity across the occupational skill distribution. Previous papers

have pointed to the importance of complementarities in production between immigrants and

natives but most have not used an experimental setting to test them (Ottaviano and Peri,

2012; Chassamboulli and Peri, 2015).9

Finally, the paper contributes to an important policy debate on the e↵ects of deporting

undocumented immigrants on the labor market. This is particularly relevant since SC was

reactivated in January of 2017 (SC was replaced by the Priority Enforcement Program at the

end of 2014) and President Trump has recently proposed expanding other similar enforcement

programs (Alvarez, 2017; Sakuma, 2017).

The paper proceeds as follows. Section 2 describes the SC program, discusses the

conceptual framework, and the predicted e↵ects of SC on di↵erent groups of workers. Section

3 describes our data sources and the construction of the analysis sample. Section 4 outlines

the empirical strategy, and we discuss the results in section 5. We conclude in section 6.

2 Policy Background and Conceptual Framework

2.1 Policy Background

Secure Communities (SC) is one of the largest interior immigration enforcement programs

and is administered by the U.S. Immigration and Customs Enforcement (ICE).10 SC’s main

objectives were to identify undocumented immigrants arrested by local law enforcement

agencies, and to prioritize their deportation. In practice, the enforcement program relied on

facilitating information sharing between local and state law enforcement agencies, the Federal

Bureau of Investigation (FBI), and the Department of Homeland Security (DHS). Usually,

local law enforcement agencies conduct a criminal background investigation after a person is

outcomes, a few papers have looked at the labor market e↵ects of migratory outflows. Lee et al. (2017) and
Clemens et al. (2018) measure the labor market e↵ects on U.S. citizen workers of the repatriation of Mexican
workers, during 1929-34, and of restrictions in the Bracero program in 1964, respectively.

9An exception is Lee et al. (2017), which provides empirical evidence on these complementarities exploiting
the repatriation of Mexican workers. Similar to our results, the authors find negative employment e↵ects for
high-skilled natives, and no evidence of substitution with low-skilled natives.

10For excellent reviews of the Secure Communities program’s implementation see Cox and Miles (2013),
Miles and Cox (2014), and Alsan and Yang (2018). The information in this section comes primarily from
these reviews.
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arrested by sending their fingerprints to the FBI. Prior to SC, fingerprints received by the FBI

were not used to check the legal status of a person or their eligibility for removal.11 Under SC,

the fingerprints received by the FBI were automatically sent to the DHS, who subsequently

ran the fingerprints against their biometric database, known as the Automated Biometric

Identification System (IDENT) to determine an individual’s immigration status.12

At this point, “detainers could be issued when an immigration o�cer had reason to

believe the individual was removable,” which could be for criminal reasons or for immigration-

crime-related reasons. A detainer did not have to be preceded by a conviction.13 The detainer

required state or local law enforcement agencies to hold an arrested individual for up to 48

hours until ICE could obtain custody and start the deportation process. Thus, a detainer

prevented the release of individuals whose cases were dismissed and, for those who were

charged with a crime, did not provide them the opportunity for a pre-trial release through

bail. As a result, conditional on being arrested, the administration of SC substantially

increased the probability of apprehension and deportation of non-citizens by ICE.

Unlike previous voluntary information sharing programs, SC is a federal program, and

local and state law agencies could not “opt in” or “opt out” of SC. For empirical purposes,

this is important for two reasons. First, local agencies have much more limited discretion

in the usage of the program, compared to other interior immigration enforcement polices

(Miles and Cox, 2014).14 Second, despite being a federal program, SC was rolled out on a

county-by-county basis between 2008 and 2013, until the entire country was covered. We

gathered information on the rollout dates of SC from the U.S. Immigration and Customs

Enforcement (ICE). Our empirical strategy, described in more detail below, relies on the

piecemeal implementation of SC across counties from 2008 to 2013. Therefore, it is impor-

tant that the timing of the rollout across counties not be related to time-varying county

characteristics. Evidence suggests the initial set of counties where SC was implemented were

chosen by the federal government based on the size of their Hispanic population and proxim-

11Instead, violators of immigration law were identified via interviews conducted by federal agents under
a program called the Criminal Alien Program (CAP), or by local agents authorized to act as immigration
agents under written voluntary agreements with the DHS: 287(g) agreements.

12IDENT includes biometric and biographical information on non-U.S. citizens who have violated immi-
gration law, or are lawfully present in the U.S., but have been convicted of a crime and are therefore subject
to removal, as well as naturalized citizens whose fingerprints were previously included in the database. In
addition, the IDENT system includes biometric information on all travelers who enter or leave the U.S.
through an o�cial port, and when applying for visas at U.S. consulates.

13This policy language taken from the ICE website, is available here: https://www.ice.gov/pep.
14After the activation of SC, some jurisdictions known as “sanctuary cities” started refusing to cooperate

with ICE detainer requests by claiming that the policy was unconstitutional under the Fourth Amendment.
We discuss heterogeneous e↵ects of SC by “sanctuary city” status in Appendix B.
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ity to the U.S.-Mexico border, but the timing of adoption in subsequent counties was more

“random” because it was based on resource constraints and waiting lists. This pattern can

be seen in Figure (1) which plots the rollout of SC across counties and over time. Given

the potential selectivity of the early-adopters, in our main model we drop observations from

counties that adopted SC before January 2009, but the main results are robust to including

them.15

Because undocumented immigrants have disproportionately low levels of education, we

expect SC to have a↵ected the availability of low-skilled labor through two main channels.

First, SC reduced the number of low-skilled workers by removing undocumented immigrants

through detainers and eventual deportations. From 2008 to 2014, more than 454,000 individ-

uals, nearly all male, were detained through SC.16 As shown in Appendix Table (A2), 17%

of deported individuals were not convicted of a crime, and among those that were convicted,

it was often not a serious crime; of all of those deported, 6% had a tra�c violation, 12%

had a DUI, 5% had a crime related to marijuana, and 8% had illegal entry or re-entry as

their most serious criminal conviction. Thus, a broad swath of the undocumented population

may have been a↵ected, and not just the most serious criminals (Amuedo-Dorantes et al.,

forthcoming). Second, fear of detentions and deportations may have limited the labor sup-

ply of undocumented immigrants and impacted their job search e↵orts. Anecdotal evidence

suggests that immigrant communities believed that SC allowed police o�cers to act as ICE

agents, and advocacy groups suggested that SC provided a way for law enforcement to use

minor violations to target the Hispanic population (Kohli et al., 2011). Consequently, fear of

driving a car, interacting with law enforcement, or having to present forms of identification

may have limited the participation of immigrants in the formal labor market.17 Moreover,

increased immigration enforcement could have changed the number of undocumented immi-

grants by increasing voluntary out-migration from the U.S., or by reducing in-migration to

the U.S. Finally, SC may have also impacted the labor supply of documented immigrants

because the documented and undocumented populations are heavily integrated (Alsan and

Yang, 2018).18
15Some states, especially towards the end of the implementation period, adopted SC across all counties at

once. Figure (2) plots the share of counties within each state that had SC over time.
16At the end of 2014, the SC program was replaced by the Priority Enforcement Program (PEP). Un-

der PEP, the same screening process occurred as did under SC, but PEP would only issue a detainer for
individuals convicted of serious crimes or those who are deemed to pose a threat to public safety. We
use restricted-access data on deportations and detentions under SC from the Transactional Records Access
Clearinghouse (TRAC) at Syracuse University, to provide context for understanding the potential e↵ects of
SC. Details about this data can be found in Appendix A.

17SC could have also directly increased the uncertainty of hiring an undocumented immigrant and hence
increased their labor costs.

18The screening process by ICE is subject to error, and roughly 2% of individuals who were identified for
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2.2 Conceptual Framework

A large body of literature using both experimental and non-experimental methods finds

little empirical evidence that an increase in the fraction of immigrants in the population

substantially reduces the employment or wages of natives with comparable skills (Altonji

and Card, 1982; Card, 1990; Hunt, 1992; Pischke and Velling, 1997; Friedberg, 2001; Cohen-

Goldner and Paserman, 2006).19 These studies do not di↵erentiate the impact of immigrants

by their legal status, and have focused on both the short- and long-run impact of immigration

inflows on the outcomes of native workers. Their empirical approaches have typically relied

on cross-market variation in the number of immigrants and, in the absence of a natural

experiment, have used shift-share instruments to address the possible endogeneity of the

location choices of immigrants as well as the number and skill composition of immigrants

(Ottaviano and Peri, 2012).20

Borjas (2003) and Borjas and Katz (2007) argue that cross-market studies cannot

adequately account for the equalizing pressure arising from the spatial arbitrage of mobile

workers and capital, and instead conduct their analysis at the national level. Under the

assumption that workers with similar education and experience are perfectly substitutable,

Borjas (2003) and Borjas and Katz (2007) find that immigration has a sizable e↵ect on the

wages of natives. However, using a similar national level approach, Ottaviano and Peri (2012)

do not assume ex-ante that immigrants and natives with similar education and experience

are perfectly substitutable and find that the increase in immigration in 1990-2006 had a

small positive e↵ect on the average wages of native workers and on the wages of workers

with out a high school degree. Ottaviano and Peri’s analysis highlights the possibility that

while immigrants can act as imperfect substitutes for some native workers, there could

also be a degree of complementarity between immigrants and natives across di↵erent skill

groups.

This is the first paper to analyze the labor market impacts of a modern nationwide

immigration enforcement measure on both immigrants and native workers across the skill

distribution. We are aware of only three papers focusing on other impacts of SC. The first

examines the characteristics of counties in relation to their date of SC implementation; we

deportation by ICE under SC turned out to be citizens, thus SC may result in fear of being held in custody
or detained among documented individuals (Kohli et al., 2011).

19See also Altonji and Card (1982), Grossman (1982), and Card (2001). A handful of papers suggest that
immigrants negatively a↵ect the wages and employment of natives, see, e.g., (Mansour, 2010; Glitz, 2012;
Dustmann et al., 2017).

20Dustmann et al. (2016) argue that empirical approaches estimating the e↵ect of immigration on relative
wages are not comparable to empirical approaches estimating the e↵ect of immigration on total wages.
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rely on this analysis for some of the information provided above (Cox and Miles, 2013). The

second paper examines the e↵ect of SC on local crime and finds little evidence that SC leads

to a decline in the crime rate (Miles and Cox, 2014). The third paper by Alsan and Yang

(2018) finds that SC reduced sign-ups for the A↵ordable Care Act (ACA) and participation

in the Supplemental Nutrition Assistance Program (SNAP) for Hispanic citizens, suggesting

important spillover e↵ects on the documented immigrant population.21

A larger literature has examined the e↵ects of other immigration policies on employ-

ment, and these analyses are informative for thinking about the potential e↵ects of SC. A

number of studies have examined the e↵ects of the 287(g) agreements, which deputize local

law enforcement agencies to enforce immigration law.22 Like SC, 287(g) agreements act as

a mechanism to check the immigration status of individuals interacting with the criminal

justice system and as a pathway for initiating deportations. These papers find that the pres-

ence of a 287(g) agreement in a local area reduces total employment in that area, with mixed

e↵ects in industries in which undocumented immigrants are overrepresented. However, this

e↵ect is not disaggregated across immigrants and natives, or across low- and high-skill occu-

pations, so it is unclear what is the direct e↵ect of enforcement on immigrants’ employment

and what may be spillover e↵ects due to substitution or complementarities in production

(Pham and Van, 2010; Bohn and Santillano, 2017).23

2.3 Predicted E↵ects of Secure Communities

Although there is ample evidence on the labor market e↵ects of immigration inflows on native

workers, relatively little theoretical or empirical attention has been devoted to studying the

labor market e↵ects of immigration enforcement measures on both immigrant and native

workers across the skill distribution. Chassamboulli and Peri (2015) build on a job search

model developed by Liu (2010), and extended by Chassamboulli and Palivos (2014), to

examine the labor market impacts of di↵erent enforcement policies. The model includes

two separate labor markets for low- and high-skilled workers who are complementary in

21Several papers include SC as part of a summary index of interior immigration enforcement; see for
example Amuedo-Dorantes and Lopez (2017).

22There is also a literature examining the e↵ect of state laws related to immigration on immigrant and
natives’ outcomes. However, these laws are typically not designed to deport immigrants, but rather reduce
their access to employment, or change the public benefits they have access to. See Karoly and Perez-Arce
(2016) for a summary of this literature.

23Watson (2013) examines the e↵ect of 287(g)s on migration and finds they do not cause immigrants to
leave the United States, but they do increase migration to a new region within the United States. These
migratory e↵ects are concentrated in Maricopa County, AZ and among the college-educated foreign-born,
who are unlikely to be undocumented. Moreover, the e↵ect of 287(g)s on migration is likely di↵erent than
the e↵ect of SC, since 287(g)s were optional and not all locations had an agreement.
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production. Undocumented immigrants are assumed to be low-skilled and have the lowest

reservation wages. Documented immigrants have higher reservation wages compared to

undocumented immigrants, while natives have higher reservation wages compared to either

group. Because we cannot identify undocumented immigrants in our data, and there may

be spillover e↵ects on documented immigrants, we simplify this model to think about two

groups: 1) citizens, and 2) non-citizens, where the latter includes both documented and

undocumented immigrants.

The model of Chassamboulli and Peri (2015) identifies two main channels through

which the supply of non-citizens impacts the employment and wages of low-skilled citizens.

SC will result in a reduction in the supply of non-citizens (assumed to be all low-skilled)

through the mechanisms described above, which will increase the marginal productivity

of low-skilled citizens, who are substitutes for low-skilled non-citizens. Thus, we would

expect a positive e↵ect on the demand for low-skilled citizens, which would increase their

employment and wages. However, due to the reduced supply of non-citizens, the expected

labor cost of hiring low-skilled workers increases, resulting in firms posting fewer vacancies,

placing downward pressure on employment and wages of low-skilled citizens. Therefore, the

net e↵ect on the employment and wages of low-skilled citizens is theoretically ambiguous.

The e↵ect on high-skilled citizens depends on the degree of complementarity between high-

and low-skilled workers. If low- and high-skilled workers are complementary in production

(as is assumed in the theoretical model), then a decrease in the labor supply of low-skilled

workers would have a negative e↵ect on the demand for, and thus the employment and wages

of, high-skilled citizens. To examine the e↵ects on low- and high-skilled workers empirically,

we examine e↵ects across the occupational skill distribution, described in more detail in

section 3. Note that this is di↵erent than our focus on ”low-skilled non-citizens”, who are

non-citizens with a high school degree or less– this group is only intended to better capture

those directly impacted by the policy.

Additionally, the e↵ect of immigration on the local labor market could also be driven

by changes in demand for local goods. Enforcement policies that decrease the supply of

non-citizen labor could have a negative e↵ect on demand for citizen labor due to a decline in

non-citizens’ consumption of local goods. Only a few papers have empirically examined the

relationship between immigrant consumption and natives’ labor outcomes when examining

the impact of migration. Hercowitz and Yashiv (2002) and Bodvarsson et al. (2008) study the

e↵ect of mass migration to Israel in the 1990s, and the Mariel boatlift, respectively, and find

that the increase in the demand for local goods by the immigrant population explained the

lack of decline in native employment. In our context, however, if non-citizen consumption
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was the main mechanism, we would not expect to find di↵erential e↵ects of enforcement

policies across the occupational skill distribution.

3 Data

To measure the labor market e↵ects of SC, we merge information on the rollout dates of

SC with data on local-level employment drawn from the 2005-2014 American Community

Survey (ACS) Integrated Public Use Microdata Series (IPUMS) (Ruggles et al., 2017). The

ACS is a repeated cross-sectional dataset covering a 1% random sample of the U.S.. We

begin our sample in 2005, as this is the first year we can identify the Public-Use Microdata

Area (PUMA) geographic level in the public-use data, and end in 2014 when SC was replaced

by the Priority Enforcement Program. Although we observe the month in which SC was

implemented in a given county, the ACS data only includes the year in which the survey was

conducted. As a result, we create a variable that indicates the fraction of the survey year SC

was in place in each county. Some PUMAs are equivalent to counties, others include several

counties, and some are smaller than individual counties. Because data on the SC rollout

dates are at the county-level, we calculate the population-weighted average of the county

values of the SC variable within each PUMA, similar to the approach taken by Watson

(2013).24

Our main outcome of interest is the employment-to-population ratio at the PUMA-year

level for various demographic groups. To construct these measures, we count the number of

working-aged (20-64) individuals in each demographic group in each PUMA-year who report

working at the time of the survey, and divide this by the total working-age population

in the PUMA-year. We use the same denominator for all demographic groups because

we are interested in capturing the total e↵ects of SC through all potential mechanisms

described above. Specifically, this outcome variable will allow us to capture both changes in

population, as well as changes in labor market participation, among individuals that remain

after SC. To calculate both the numerator and the denominator we use the ACS-provided

person-level weights. We multiply these employment-to-population ratios by 100,000 to

ease the presentation. We examine this measure separately for males and females for three

demographic groups: 1) individuals who are U.S.-born or naturalized citizens, 2) foreign-

born non-citizens, and 3) foreign-born non-citizens with a high school degree or less. We

24If a PUMA is equivalent to a county, or smaller than a county, the PUMA will get the value of the
SC variable for that county. If multiple counties are contained within a PUMA, we weight the value of
the SC variable for each county by the fraction of the total PUMA population that each county represents.
Additionally, the PUMA codes were revised after the 2011 ACS survey, so we use the time-consistent version
of the PUMA codes provided by the IPUMS website.
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take this approach rather than separating our data into “undocumented” and “documented”

because the ACS does not include questions about immigration status.25 In what follows we

use “employment-to-population ratio” and “employment” interchangeably to describe our

outcome variables.

To test whether the implementation of SC impacted the labor market outcomes of

workers across the occupational skill distribution, we examine the employment-to-population

ratios across 3-digit SOC occupations classified based on the fraction of workers in each

occupation in 2005 (the first year of our sample) that have at least a college degree. Figure

(3) shows the distribution of this measure across occupations. The median occupation has

roughly 13% of workers with a college degree, and the cuto↵s for the 25th and 75th percentiles

are 5% and 42%, respectively. We generate four skill groups of occupations, based on the

four quartiles of the distribution, and calculate the employment-to-population ratio for each

group as described above.

Since our sample period spans the Great Recession, we account for changes in economic

conditions that may influence employment, by including several “Bartik-style” measures of

labor demand (Bartik, 1992), as well as controls for housing price values. It is possible

that SC had a direct e↵ect on housing prices, in which case we would be controlling for

an endogenous variable. To address this concern, we check the robustness of our results to

di↵erent measures of housing prices at the state-level, both including and excluding housing

prices in the a↵ected PUMA. We also control for the presence of 287(g) agreements across

PUMAs in our sample period. These controls are described in detail in Appendix A.

4 Empirical Strategy

Our empirical strategy uses both the geographic and temporal variation in the implemen-

tation of the SC program to identify its e↵ect on PUMA-level employment. In order to

estimate the causal e↵ect of adopting SC on local employment we estimate the following

model separately by gender:

emp
pt

= ↵ + �SC
pt

+X 0
pt

� + ⌫
p

+ �
t

+ t�
p

+ ✏
pt

(1)

25We test the robustness of the results using more restrictive definitions of “likely undocumented” immi-
grants, such as foreign-born non-citizens with a high school education or less who were born in Mexico or
Central America and entered the U.S. after 1986, and Hispanic foreign-born non-citizens with a high school
education or less who entered the U.S. after 1986 (Amuedo-Dorantes and Bansak, 2012, 2014; Orrenius and
Zavodny, 2015). We also examine e↵ects of SC by race/ethnicity for both citizens and non-citizens. We
discuss these results in Section 5.
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where emp
pt

is the number of males or females employed, divided by the total working age

population per 100,000 people in PUMA p at time t: Emppt

Poppt/100,000
.26 The model includes year

fixed e↵ects, �
t

, to account for national economic shocks, and fixed e↵ects at the PUMA

level, ⌫
p

, to control for time-invariant unobserved heterogeneity, such as the pre-SC share of

Hispanics and proximity to the border. Our main specification also includes PUMA-by-year

linear trends, t�
p

to account for di↵erential trends in employment within PUMAs over time.27

X
pt

is a vector of PUMA-by-year controls which includes the presence of the 287(g) program,

measures of local labor demand, and local house prices.28 We also estimate equation (1)

separately for citizens, non-citizens, and low-skilled non-citizens, and by occupational skill

group. The analysis by citizenship status and across the skill distribution allows us to

test the direct e↵ects of SC on the population of likely undocumented immigrants and the

spillover e↵ects of SC on the labor market outcomes of citizens. We expect a negative e↵ect

on non-citizens due to the nature of SC. On the other hand, the predicted sign of the e↵ect

on citizens is ambiguous.

As described in the data section, SC
pt

is a continuous variable indicating the length of

exposure to SC. It is constructed as the product of the share of population-weighted counties

within PUMA p that have adopted SC in year t, and the share of year t for which SC was

in e↵ect. Thus, SC
pt

ranges between zero and one during the year SC was implemented.

Once SC has been implemented by January 1st of year t in all counties in a PUMA p, the

variable SC
pt

takes a value of one for the remainder of the sample. Therefore, � measures

the e↵ect of 100% of the PUMA population being covered by SC for the entire survey year.

The baseline model is weighted by the PUMA population in 2000.29

We limit our sample to those counties that adopted SC after 2009 because, as we

26SC’s impact on the employment-to-population ratio as defined above can be the result of changes in the
number of employed individuals or by changes in a PUMA’s population at time t. We provide evidence in
section 5 that SC primarily impacted the number of employed individuals by using employment-to-population
ratios based on pre-SC population counts, and by examining whether SC impacted migration across PUMAs.

27Our results are similar if we instead only model pre-trends and use this to predict post-treatment trends,
which is preferred if there are dynamic treatment e↵ects (Wolfers, 2006; Lee and Solon, 2011; Goodman-
Bacon, 2016; Borusyak and Jaravel, 2017).

28As we discuss in section 5, the baseline results are also similar if we include more flexible housing price
controls including quadratic and cubic terms, as well as the size of the boom in housing prices prior to SC
interacted with a linear trend.

29Following the suggestion of Solon et al. (2015) we test the robustness of our main results to a model
without weights. The results are qualitatively similar, although the standard errors are larger and some
point estimates are smaller, without weights. We do not include state by year fixed e↵ects because 10 states
and the District of Columbia implemented SC on a state-wide basis. These states are Alaska, Delaware,
DC, Main Minnesota, New Hampshire, New Jersey, North Dakota, Rhode Island, Vermont, West Virginia,
Wyoming.
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have discussed above, the early adopters appear to have been highly selected.30 For all

counties adopting SC after 2009, the underlying identification assumption is that there were

no time-varying PUMA-specific factors which are correlated with the timing of the adoption

of SC in those PUMAs. To provide support for this assumption, we test for parallel trends by

estimating the e↵ect of SC on employment for four years before and after the implementation

of SC through an “event study” model as follows:

emp
pt

= ↵ +
4X

k=�4
k 6=�1

�
k

1
pk

+X 0
pt

� + ⌫
p

+ �
t

+ t�
p

+ ✏
pt (2)

where 1
p

k is an indicator variable equal to one k years before or after SC is first implemented

in any county in PUMA p. �
k

therefore identifies the e↵ect of SC on employment in PUMA

p and year t. The year prior to SC adoption, k = �1, is the excluded group, therefore

all marginal e↵ects should be interpreted as relative to the year before adoption. In order

for our identification strategy to be valid, there should be no discernible di↵erential trends

present before SC’s implementation. We report the results of this specification in Figure

(4) on the full sample of men, where the blue dots show the e↵ect of SC, and dashed lines

represent 95% confidence intervals. The results provide no evidence that employment was

following a di↵erential trend across locations prior to the adoption of SC, and following SC

implementation there is evidence that total employment was negatively a↵ected.

5 Results

5.1 Employment

We begin by presenting estimates of the e↵ects of SC on the employment of men as specified

in equation (1). Panel A of Table (1) shows the results for all men, Panel B shows the

e↵ect on citizens (natives and naturalized citizens), Panel C shows the e↵ect on all non-

citizens, and Panel D shows the e↵ect on low-skilled non-citizens, who are the most likely

to be undocumented and to be directly a↵ected by SC. The first column shows the e↵ect on

total employment for each group, and moving across columns 2-5, we show the impact of SC

by quartiles of the occupational skill distribution for these same groups. Note that across

all panels and columns the denominator is the same–total PUMA working age population

in time t divided by 100,000–however, the numerator changes across panels and columns

30Appendix Table (A3) reports estimates where we include the very early adopters of SC. The results are
very similar when including these counties.
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depending on the demographic and occupational skill group of interest. The results in

column 1 of Panel A indicate that SC reduces the employment-to-population ratio of 20-

64 year old men by 281 workers per 100,000 people, significant at the 1% level. The mean

male employment-to-population rate per 100,000 people is 37,423 (implying that, on average,

roughly 37% of the total working age PUMA population is employed men) and relative to

this average, the point estimate indicates about a 0.75% reduction in a PUMA’s total male

employment (281/37,422). Interestingly, as seen in columns 2-5 of Panel A, the e↵ects of

SC are concentrated in the middle of the occupational skill distribution. Specifically, SC is

associated with a reduction of 1.8% in a PUMA’s male employment in the second quartile

of the occupational skill group (p<0.05) and a reduction of about 2.5% in the employment

of men working in occupations in the third quartile of the distribution (p<0.01).

The negative e↵ects on the total employment-to-population ratio found in Panel A may

be driven by a number of mechanisms. To begin, we expect there to be a negative e↵ect of SC

on the employment of low-skilled non-citizens, who are the most likely to be directly impacted

by these enforcement policies. The predicted e↵ects on citizen employment, however, are

less clear and likely di↵er by occupational skill group. Thus, in Panels B-D, we estimate the

e↵ects of SC separately by citizenship status and by occupational skill group.

There are three main reasons to look at the sample of non-citizens, regardless of their

immigration status. First, firms might not be able to perfectly distinguish between docu-

mented and undocumented immigrants, making the local environment less hospitable to-

wards foreign-born people in general. Second, it is possible that undocumented and doc-

umented immigrants live in the same household, and enforcement policies could a↵ect the

labor decisions of documented workers through their impact on their undocumented relatives

or friends. Finally, although SC is expected to directly a↵ect undocumented immigrants, it

is not possible to perfectly identify who is an undocumented immigrant in the data.

We first focus on the overall e↵ects shown in the first column. The results indicate that

SC has a significant negative e↵ect on the employment of low-skilled non-citizen workers, as

well as a significant negative spillover e↵ect on the employment of citizens. Specifically, the

implementation of SC reduces the employment-to-population ratio of non-citizen workers by

113 per 100,000 people, significant at the 10% level (Panel C, column 1), which relative to

the mean employment-to-population ratio is a 3.4% percent reduction in the employment

of non-citizens. In Panel D we further restrict our sample to include only low-skilled non-

citizens. We find that SC reduces the employment-to-population rate of low-skilled non-

citizen workers by 5% (108/2171). Turning to the e↵ects on citizens, the results in Panel B

indicate that, on average, SC reduces the employment of citizen workers by 168 workers per
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100,000 individuals, or by about 0.5%, significant at the 10% level. Thus, approximately

60% of the reduction in total employment is due to depressed citizen employment. This

is novel evidence that a decrease in the supply of low-skilled immigrant workers leads to a

decline in the employment of citizen workers.

To provide context for the size of the point estimate on non-citizens, we conduct a back-

of-the-envelope calculation. We calculate the number of deportations of employed males per

100,000 people and then compare this to our point estimate of the reduction in non-citizens

per 100,000 people, which occurs through all potential mechanisms, not just deportations.

Based on this calculation, SC would have resulted in a reduction of 104 employed male non-

citizens per 100,000 people just through deportations.31 We also directly examine changes

in population and changes in labor force participation in Appendix Table (A4). The results

indicate that both mechanisms may be playing a role, although neither e↵ect is precisely

estimated.

The impact of SC on overall employment could mask important heterogeneous e↵ects

across the occupational skill distribution. For example, although citizens working in occupa-

tions in the lowest quartile of the skill distribution could substitute for immigrant workers,

citizens in higher-skilled occupations could act as complements. The results in Panel B for

citizens suggest that the decline in their employment is entirely driven by a decline of about

2.6% in the employment-to-population ratio in the third quartile of the occupational skill

distribution. The e↵ect on citizens in the lowest quartile of the occupational skill distribution

is positive but is small in magnitude and imprecisely estimated. In contrast, the e↵ect on

non-citizen men (Panel C) and low-skilled non-citizen men (Panel D) is concentrated among

workers in the second quartile of the occupational skill distribution. The results in column

3 of Panel D suggest that SC reduces the employment of immigrant men with a high school

degree or less by 13.5%, significant at the 1% level.32

31This calculation is done as follows. First, we know that 454,413 people were deported under SC, 436,0236
of whom were male. This implies there were about 134 deported males per 100,000 people in total in the
U.S. (when scaled by the U.S. population of 326 million). We calculate from the ACS an average male non-
citizen employment rate of 78%, and assume the same employment rate among those deported to estimate
the number of deported employed individuals. Another important assumption underlying this calculation is
that we assume that deportations are evenly spread across PUMAs. We do not use the deportation data by
PUMA for this exercise because this data only contains deportations flagged as being conducted under SC,
so that before SC was implemented in a PUMA, we observe no deportations in the data. This may cause us
to mis-specify the e↵ect of SC on deportations since we cannot take account of underlying trends.

32As shown in Appendix Table (A1) the majority of workers just above the 25th percentile of the occupa-
tional skill distribution have some college education, while only 5-6% are college graduates. In the group of
workers in occupations just below the 75th percentile of the skill distribution, slightly over half have some
college education, while 40-45% have a college degree.
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The estimates in Table (1) provide little evidence of substitution on net between citizen

and non-citizen workers across the occupational skill distribution.33 In fact, we find evidence

suggesting complementarities between non-citizens in lower-skill occupations and citizens

in higher-skilled occupations, and no evidence of spillover e↵ects on net (either positive or

negative) onto citizens in lower-skill occupations. Both findings are consistent with the job

search model developed by Chassamboulli and Palivos (2014) and Chassamboulli and Peri

(2015), discussed above, which predicts an ambiguous e↵ect on low-skilled citizens and a

negative e↵ect on high-skilled citizens (if they are complements in production).34

The results are not sensitive to the choice of cuto↵s in the skill distribution. Figure (5)

plots the estimated coe�cients from our main specification for di↵erent groups of workers

and by gradually shifting the occupational skill group to include occupations with a higher

share of college educated workers (a “moving window” approach). Panel A suggests that

the introduction of SC had negative employment e↵ects on workers in the middle of the

skill distribution. The e↵ect on citizens, depicted in Panel B, show that the introduction

of SC negatively impacted citizen workers in the middle to high occupational skill groups.

In contrast, Panels C and D show that the negative employment e↵ects on non-citizens and

low-skilled non-citizens are concentrated among workers in the low to middle part of the

occupational skill distribution. This supports our main findings that SC had a direct nega-

tive employment e↵ect on the likely undocumented population and had a negative spillover

e↵ect on the employment rates of citizen workers. The pattern of results provides further

evidence that low-skilled non-citizens working in low-skilled occupations are complementary

in production to citizens working in high-skilled occupations.

We present a similar set of results for women in Appendix Table (A6). The results

show little evidence that SC impacted the employment of either non-citizen or citizen women.

None of the point estimates are significant, and most of them are smaller in magnitude than

the comparable results for men. For example, the point estimate on citizen women in the

middle to high occupation skill group is 1.3 and insignificant, compared to the negative and

significant coe�cient of 216 for men in this group. This may be because the vast majority

of targeted immigrants under SC (roughly 96% of those deported) were men. This is an

important finding as it suggests that low-skilled men cannot be easily substituted by low-

33The coe�cient on citizens in the low to medium occupational skill group is negative, and we can rule
out e↵ect sizes bigger than 0.008% or smaller than -2.3%.

34Our citizen group includes both U.S.-born and foreign-born citizens. We break these two groups out
to further understand the e↵ect, and because there may be measurement error in the citizenship question.
Brown et al. (2018) document that Hispanics are more likely than non-Hispanics to be reported as non-
citizens in administrative data while self-reporting as citizens in the ACS. Appendix Table (A5) indicates
the e↵ect on citizens is primarily driven by the e↵ect on U.S.-born.
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skilled women, and that there is no evidence of complementarities in production between

low-skilled immigrant men and higher-skilled citizen women. In the rest of the paper, we

focus our discussion on the e↵ects for men only.

The e↵ect of SC on the average cost of labor is expected to be larger in sectors which

have traditionally relied on unskilled immigrant labor, and if the e↵ect on citizens is operating

through complementarities in production, we would expect the employment e↵ect on citizens

to be larger in these unskilled-immigrant-reliant sectors. Figure (6) shows the distribution

of the share of low-skilled non-citizen workers by industry in 2005. The median industry has

about 4% low-skilled non-citizen workers as a fraction of its total workforce (shown in the

black line), but it is clear from this figure that there are many industries that do not employ

low-skilled non-citizens, and some industries that very heavily rely on low-skilled non-citizen

labor. We estimate equation (1) by aggregating these finer industry categories into two

groups: the first includes industries where the share of non-citizen workers in 2005 is above

4%, and the second includes industries where the share of non-citizen workers in 2005 is below

4%.35 Table (2) shows the results across the two groups of sectors for citizens (Panels A and

B) and for low-skilled non-citizens (Panels C and D). Panel A shows that the e↵ect of SC on

the employment of citizen men is concentrated among workers in high-skilled occupations

in sectors that have above median share of low-skilled non-citizen workers. Specifically, the

results in column 4 of Panel A suggest that SC reduces the employment of citizens in the

third quartile of the occupational skill distribution by about 2.5% (23/928). In contrast,

the e↵ect of SC among workers in the third quartile of the occupational skill distribution in

sectors employing less than the median share of low-skilled non-citizen workers is smaller in

magnitude and statistically insignificant (Panel B). Moreover, the decline in the employment

of low-skilled non-citizens is concentrated in sectors that rely more on them (see column 3

of Panel C).

As an additional test, Figure (7) plots the e↵ect of SC on sector-specific low-skilled non-

citizens’ employment in the 2nd occupational skill quartile (horizontal axis) against the e↵ect

on sector-specific citizens’ employment in the 3rd occupational skill quartile (vertical axis).

To more easily compare the magnitude of the e↵ect across sectors, we scale each � by the

sector and demographic group specific mean employment, so the graph plots the percentage

e↵ects. This figure indicates a strong relationship between these two groups: in sectors

where non-citizens are more a↵ected by SC, citizens also experience larger reductions in

35Even though we use a measure of low-skilled non-citizens, rather than undocumented workers, we have
compared the fraction of low-skilled non-citizens across sectors with published statistics on the fraction of
undocumented immigrants across sectors released by the PEW Center, and while the levels are slightly
di↵erent, the rank is similar (Passel and Cohn, 2016).
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employment. Moreover, sectors with very small impacts on low-skilled non-citizens–Finance,

Insurance and Real Estate; Mining; Agriculture; and Personal and Entertainment Services–

show similarly small e↵ects on citizens. All of this provides further evidence that the e↵ect

on citizens is operating through complementarities in production.36

We also explore the extent to which the e↵ects of SC vary across areas based on the

PUMA’s pre-policy share of the likely undocumented population. This could be important

if it is a proxy for the intensity of SC implementation across areas. We report in Table

(3) results from estimating equation (1), interacting the SC variable with quartiles of the

likely undocumented population distribution. The distribution of the likely undocumented

population is calculated by dividing the low-skilled non-citizen population in 2005 by the

total population in 2005. For convenience, we only present results for citizens (Panel A)

and low-skilled non-citizens (Panel B). Focusing on the e↵ects in the middle two-quartiles of

the occupational skill distribution (columns 3 and 4), the results suggest that the e↵ects of

SC on low-skilled non-citizens (Panel B) do not vary much based on low-skilled non-citizen

intensity, although the e↵ects are somewhat larger in areas with the highest share of likely

undocumented workers. The e↵ects on citizens (Panel A) follow a similar pattern with little

evidence of heterogeneity, except for possibly larger e↵ects in the highest quartile.

The lack of heterogeneity in the e↵ects of SC by the initial share of the likely undocu-

mented population suggests that SC was possibly not implemented uniformly across areas,

and thus SC intensity may vary based on dimensions besides the low-skilled non-citizen in-

tensity. In fact, we provide evidence in Appendix B that “deportation risk”, measured as

total deportations between 2008-2014 divided by the population of low-skilled non-citizen

population in 2005, is negatively related to the share of the low-skilled non-citizen population

in 2005.37

5.2 Robustness Checks

We conduct a number of robustness checks. First, while the relative speed of the rollout,

and the fact that all U.S. counties eventually adopted SC, limits the possibility of internal

migration as a result of SC; non-random migration as a response to SC could mask the true

36The regression results that correspond to Figure (7) for citizens and low-skilled non-citizens are significant
only in a handful of industries. This is likely due to sample size limitations. These results are reported in
Table Appendix (A7) and (A8).

37We report in Appendix Table (B1) results from estimating equation (1) by interacting the SC variable
with quartiles of the deportation risk distribution. The results provide evidence that the e↵ects of SC on
low-skilled non-citizen employment were larger in areas with higher deportation risk, but these results should
be interpreted with caution since deportation risk is likely endogenous. More discussion on this analysis can
be found in Appendix B.
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e↵ects of the policy on employment outcomes. Table (4) shows the results of a model that

estimates the e↵ects of SC on the migration rates of citizens, non-citizens, and low-skilled

non-citizens. This migration outcome comes from information provided by the ACS about

place of residence last year.38 We use two di↵erent dependent variables: the migration rate

for the entire population (Panel A), defined as Migrantspt

Popp2005/100,000
, and the male migration rate

(Panel B), defined as MaleMigrantspt

MalePopp2005/100,000
.

The results in Panel A show that SC did not have a significant e↵ect on overall migra-

tion rates. This suggests that the main e↵ects on the employment rates are not driven by

changes in the population, but instead they are driven by changes in employment. Similarly,

we find no e↵ects of SC on the migration rates of citizens, but there is evidence of a decrease

in migration rates of low-skilled non-citizens.39

To further address this, we report estimates in Table (5) where the dependent variable

has the population denominator fixed as the total PUMA population in 2000, prior to the

implementation of SC. The numerator across panels and columns are the same as before.

For convenience, we report the estimates on overall employment and on the employment

rates of the two middle occupational skill quartiles, for specifications using contempora-

neous (columns 1, 3 and 5) and fixed populations (columns 2, 4 and 6). Although the

magnitude of the estimates using population in 2000 are smaller, the e↵ect of SC relative to

the mean employment-to-population ratio is remarkably similar whether we use contempo-

raneous population or population in the year 2000. This provides further evidence changes

in population are not driving the e↵ects of SC on employment rates.

Second, since the e↵ect of SC on employment might not be linear, in Table (6) we report

estimates where we apply the inverse hyperbolic sine to employment levels.40 Again, the

results are consistent with the main conclusion that SC negatively impacts the employment

of citizen workers in the middle to high-skilled occupations, and to a much larger extent, the

employment of non-citizen workers in the lower to middle skill occupations.

Third, we test the robustness of the results to including additional, and more flexible,

housing price controls. Panel A of Appendix Table (A9) reports our baseline results where

38ACS provides information of place of residence at the MIGPUMA level (slightly larger than the PUMA
level in our main analysis), which identifies the place of residence the year prior to the interview. We generate
migration rates at the consistent MIGPUMA level using this information.

39Note that this is a slightly di↵erent exercise than in Appendix Table (A4) which looks at the e↵ect on
population shares of non-citizens. Here, the analysis is on a sample of citizens and non-citizens that are
surveyed by the ACS and move within the US.

40We use the hyperbolic sine instead of the log transformation, since the ACS sample includes some
PUMAs in which there are no employed low-skilled non-citizens age 20-64. However, estimating models with
logged employment rates yields similar results.
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we only control for the PUMA-level housing prices. In Panel B we add quadratic and cubic

housing price controls which should control for the impact of the recession more flexibly. The

inclusion of these controls has little e↵ect on the coe�cients for workers in the middle of the

occupational skill distribution. In Panel C, we control for the change in the housing prices

between 2000-2007 and 2007-2009 interacted with a PUMA-specific linear trend. Controlling

for the size of the boom and bust in housing prices before the implementation of SC has

virtually no e↵ect on the estimated impact of SC. This suggests that our estimates are not

driven by the impact of the Great Recession on employment.41

Fourth, we test the robustness of the results using more restrictive definitions of low-

skilled non-citizens. Panel B of Appendix Table (A11) proxies for the population of the

likely undocumented immigrants by limiting the sample to non-citizens with a high school

degree or less, who were born in Mexico or Central America and entered the U.S. after

1986. The results suggest that SC reduced their employment by about 6.6%. Using an

alternative sample of non-citizens of Hispanic origin with a high school degree or less, who

entered the U.S. after 1986 in Panel C, the results suggest that SC reduced the employment

of this population by about 4.7%. Across the di↵erent samples, the negative impacts on

employment are concentrated among workers in the second quartile of the occupational skill

distribution, as in our main results.42

Some undocumented immigrants might choose not to participate in surveys conducted

by the U.S. government (Passel and Cohn, 2011; Hoefer et al., 2012; Warren and Warren,

2013; Van Hook et al., 2014; Genoni et al., 2017; Brown et al., 2018). For instance, Genoni

et al. (2017) provides evidence that between 2000 and 2005 U.S. surveys (such as the ACS)

were more likely to undercount young, single, male, and less educated migrants. It is im-

portant to note, however, that such an undercount does not a↵ect our estimates for citizen

workers. Furthermore, although undercounting likely undocumented immigrants might lead

to underestimating the e↵ect of SC in levels, it should not a↵ect the magnitude of e↵ects

41It is possible that the implementation of SC could have impacted housing prices directly, making them
endogenous to the policy. We check the robustness of the results to alternative measures of housing prices in
Appendix Table (A10). The first column of each panel repeats our main specification using housing prices at
the PUMA-year level. The second column replaces the PUMA-level housing index with changes in housing
prices at the state level over the same period, which is arguably more exogenous to the policy which is
implemented at the PUMA-level. Finally, we use state housing prices excluding housing prices from the
individual PUMA. The results across all these di↵erent specifications are very similar and strongly suggest
that housing prices do not su↵er from being a “bad control” (Angrist and Pischke, 2008).

42We also estimated the e↵ects of SC by citizenship status and across di↵erent racial and ethnic groups.
Results in Appendix Table (A12) indicate that SC reduced the employment rates of Hispanic non-citizens
but had little impact on non-citizens who are white. SC also impacted the employment rates of black non-
Hispanic non-citizens, especially in the second quartile of the occupational skill distribution. There is little
evidence of heterogeneity by race or ethnicity for citizens.
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relative to population means.43

5.3 Hours of Work and Wages

If, as expected, SC increased the labor costs of low-skilled non-citizen workers, we would

expect the introduction of SC to have also impacted working hours and hourly wages. To

examine this possibility, we look at several alternative outcome variables: 1) the log of usual

hours of work per week, and 2) the log of hourly wages (calculated by dividing labor income

in the past year by total hours worked in the past year and adjusting to constant 2014

dollars).

The results thus far provide strong evidence that the implementation of SC led to a

decrease in the demand for citizens working in higher-skilled occupations. It is also possible

that firms adjust to an increase in the labor cost of low-skilled labor by changing the number

of hours their employees work. We test this hypothesis by replacing the dependent variable in

equation (1) with the average log of usual hours of work per week calculated at the PUMA-

industry-year level.44 The results in Panel A of Table (7) indicate that SC is associated

with a decline of about 0.7% in usual hours of work per week. This may be driven by the

reduction in the hours of work of citizens in the second and third quartile of the occupational

skill distribution (Panel B, columns 3 and 4). The results also suggest that exposure to SC

reduces weekly hours worked by 1.4% for non-citizens (Panel C, column 1), but the e↵ect

is not statistically significant. Interestingly, SC seems to have negatively impacted the log

hours of work of non-citizens and low-skilled non-citizens in the lowest occupational skill

quartile.

Finally, in Table (8) we examine the impact of SC on average log hourly wages at the

PUMA-industry-year level. If SC leads to a decrease in the demand for citizens working

in higher-skilled occupations, we would expect SC to have a negative e↵ect on their wages.

The results in Panels A and B provide suggestive evidence that SC is associated with a

decrease in average hourly wages, but the e↵ects are not statistically significant.45 The

43The internal validity of our estimates for low-skilled non-citizen workers would be a↵ected if the number
or type of undocumented immigrants that respond to the ACS survey is related to the implementation of SC.
While previous studies estimate an overall 7.5 percent undercount of undocumented immigrants (Warren,
2014), we are unable to assess how the undercount varies in response to SC.

44The average log of usual hours of work at the PUMA-year level depends on the industrial composition
in a given PUMA. Because SC likely changes the industry composition of employment, we calculate the
average log of usual hours worked at the PUMA-industry-year level and we weight the regressions by the
PUMA-industry employment for men in 2005.

45Note that detecting e↵ects on wages for citizens in higher-skilled occupations is complicated by the fact
that SC is associated with a decrease in their average hours of work which is likely to push their hourly
wages up.
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e↵ect of SC on the hourly wages of workers in lower-skilled occupations is theoretically

ambiguous because a decrease in the supply of low-skilled undocumented immigrants raises

their marginal productivity leading to an increase in their wage, but the increase in the

expected labor cost of firms puts a downward pressure on wages. We see a negative coe�cient

in the second quartile of occupational skill (Panel A), although this e↵ect again is not

statistically significant.

5.4 Discussion

Although this is the first paper to estimate the labor market e↵ects of SC, it is informative

to compare our findings to the labor market e↵ects of another enforcement policy: 287(g)

agreements. Using a contiguous counties approach, Bohn and Santillano (2017) found that

the introduction of 287(g) agreements did not have a significant e↵ect on overall employment,

but there was a reduction in some industries that employ many immigrants of similar magni-

tude to our estimated e↵ects. For instance, they found that 287(g) reduced the employment

in administrative services by about 7%. Taking a more traditional di↵erence-in-di↵erence

approach, Pham and Van (2010) found that 287(g)s reduced overall employment by about

1-2%, which is similar to our estimated e↵ects of SC on the overall employment rate. Ours

is the first study to estimate the labor market impacts of an immigration enforcement policy

by citizenship status and across the occupational skill distribution. As a result, we can-

not compare our estimates on these groups with the potential e↵ects of 287(g) on these

populations.

A large literature on immigration has estimated the e↵ect of immigration inflows on

natives’ labor market outcomes. Our empirical strategy not only enables us to identify

the reduced form e↵ect of SC on the employment of citizen and non-citizen workers, but it

also allows us, under some assumptions, to estimate the relationship between non-citizen and

citizen employment. The assumption needed for such analysis is that SC only impacts citizen

employment through its e↵ect on non-citizen employment. This is analogous to assuming

that SC is a valid instrument for estimating the e↵ect of non-citizen workers on citizen

employment. Under this assumption, we can calculate the relationship between non-citizen

and citizen employment as the ratio of the coe�cient in Panel B of Table (1) (the reduced

form e↵ect) and the coe�cient in Panel C (the first stage). This exercise suggests that for a

10% reduction in employment of non-citizens due to SC, citizen employment is reduced by

1.5%.46

46This estimate should be interpreted with caution since the first stage has relatively low power, with an
F-stat of 4.477. Moreover, if SC changed the number or type of undocumented immigrants that respond to
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There are several reasons why one might expect that the e↵ect of SC on the employment

of natives may di↵er from existing estimates of the relationship between immigrants and

native employment. First, our variation utilizes a decrease in the supply of low-skilled

immigrants instead of an increase in their supply. This is important because firms may adjust

di↵erently in the short-run to removing part of their labor pool, compared to adjusting to

an inflow of new untrained immigrants. In fact, previous findings in the literature based on

quasi-experimental variation in the inflow of immigrants indicate that there is only a small

(if any) relationship between the employment of immigrants and natives. For example, using

linked employee-employer data Foged and Peri (2016) found little evidence that the inflow

of immigrants negatively a↵ects the employment outcomes of low-skilled natives. Likewise,

Friedberg (2001) found no significant e↵ects on the employment or wages of native workers

in Israel after a massive immigration wave from the former Soviet Union, and Pischke and

Velling (1997) found no e↵ects on the employment of native German workers in response to

an increase in the foreign-born share. Second, SC targeted the undocumented population

who, because of their legal status, are likely to have lower reservation wages compared to

similarly skilled native men and are thus not perfect substitutes to native employment.

Although Dustmann et al. (2017) found that a 1 percentage point increase in the share

of Czech migrants commuting to work in neighboring German cities is associated with a

0.9% decrease in local native employment, they show that the e↵ect is driven by previously

non-employed workers and not by substituting currently employed Germans. Third, while

previous papers have focused on the substitution between immigrants and similarly skilled

domestic workers, we use our variation to estimate the relationship between non-citizens

and citizens working in di↵erent parts of the skill distribution. Consistent with our evidence

of complementarity between low-skill non-citizens and high-skilled citizens, Beerli and Peri

(2015) found that the inflow of EU immigrants to Switzerland complemented the employment

of highly educated native workers, negatively impacted the employment of middle educated

natives, and had no impact on the employment of low-skilled natives.

Our results are more easily compared with two recent papers that estimate the e↵ect

of historical migration outflows on labor market outcomes of natives. Lee et al. (2017)

study the e↵ect of the repatriation of Mexican-born migrants living in the U.S. between

1930 and 1940. Consistent with our results, repatriations had no positive e↵ect on the

employment of natives, and may depress their employment and wages. Importantly, the

authors provide evidence of complementarities between low-skilled repatriated Mexicans and

high-skill natives. Clemens et al. (2018) analyze the impact of excluding almost half a million

the ACS, an underestimate of the first stage would lead to an upwardly biased estimate of the relationship
between the employment of citizens and non-citizens.
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Mexican Bracero agricultural workers from the U.S. on native employment and wages. They

find little e↵ects on the labor market outcomes of domestic farm workers and provide evidence

that this lack of substitution was due to employers adopting new technologies and changing

their crops, suggesting that firms do not simply substitute immigrant and domestic labor

and might adjust to a reduction in the supply of immigrants by endogenously changing

technology or products.47

6 Conclusion

Secure Communities, one of the largest interior federal immigration enforcement policies over

the last decade, resulted in the deportation of almost half a million individuals during 2008-

2015. This is the first paper to estimate the e↵ects of the SC program on the labor market

outcomes of both citizen and non-citizen workers. We find that SC caused a significant

reduction in the employment of non-citizens and that this e↵ect was highly concentrated

among low-skilled male non-citizens, who are more likely to be undocumented.

In addition to estimating the direct e↵ect of SC on non-citizen employment, we also

use the rollout of the SC program as quasi-experimental variation to estimate the e↵ect of

an exogenous change in non-citizen employment on the employment of citizens across the

occupational skill distribution. Our findings indicate that SC not only had a negative e↵ect

on employment for male non-citizens, but also it negatively impacted the employment of

citizen men. We hypothesize that this spillover e↵ect onto citizens is due to complementar-

ities in production and provide suggestive evidence to support this mechanism. Applying

our local-level estimates to the national population of male citizens, we estimate that SC

reduced the employment of male citizens by approximately 300,000.

These findings are consistent with a model of labor markets exhibiting search frictions,

as in Chassamboulli and Peri (2015): reducing the number of undocumented immigrants is

expected to increase the average labor costs of firms and lead firms to reduce demand for

both low- and high-skilled workers. Our findings suggest that immigration policies aimed at

reducing the number of undocumented immigrants should take into account the potential

negative spillover e↵ects on the labor market outcomes for citizens in high-skilled occupa-

tions.

47Philipp and Hansen (2018) found that the introduction of nationality-specific immigration quotas in the
1920s, which reduced immigration flows, had a negative e↵ect on the earnings of white natives, and benefited
the earnings of black workers in the most a↵ected areas.
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“Delegation and Divergence: A Study of 287(g) State and Local Immigration Enforce-
ment.,” Technical Report, Migration Policy Institute 2011.

Card, David, “The Impact of the Mariel Boatlift on the Miami Labor Market,” Industrial
and Labor Relations Review, 1990, 43, 245–257.

, “Immigrant inflows, native outflows, and the local labor market impacts of higher immi-
gration,” Journal of Labor Economics, 2001, 19 (1), 22–64.

Chassamboulli, Andri and Giovanni Peri, “The labor market e↵ects of reducing the
number of illegal immigrants,” Review of Economic Dynamics, 2015, 18 (4), 792–821.

and Theodore Palivos, “A Search-Equilibrium Approach to the E↵ects of Immigration
on Labor Market Outcomes,” International Economic Review, 2014, 55 (1), 111–129.

Clemens, Michael A, Ethan G Lewis, and Hannah M Postel, “Immigration re-
strictions as active labor market policy: Evidence from the mexican bracero exclusion,”
American Economic Review, 2018, 108 (6), 1468–87.

Cohen-Goldner, Sarit and Daniele Paserman, “Mass Migration to Israek and Natives’
Transitions from Employment,” Industrial and Labor Relations Review, 2006, 59, 630–652.

Cox, Adam B and Thomas J Miles, “Policing immigration,” The University of Chicago
Law Review, 2013, 80 (1), 87–136.

Dustmann, Chtistian, Uta Schönberg, and Jan Stuhler, “The Impact of Immigration:
Why Do Studies Reach Such Di↵erent Results?,” Journal of Economic Perspectives, 2016,
30 (4), 31–56.

, , and , “Labor Supply Shocks, Native Wages, and The Adjustment of Local Em-
ployment,” The Quarterly Journal of Economics, 2017, 132, 435–483.

27



Foged, Mette and Giovanni Peri, “Immigrants’ e↵ect on native workers: New analysis
on longitudinal data,” American Economic Journal: Applied Economics, 2016, 8 (2), 1–34.

Friedberg, Rachel M., “The Impact of Mass Migration on the Israeli Labor Market,” The
Quarterly Journal of Economics, 2001, 116, 1373–1408.

and Jennifer Hunt, “The Impact of Immigrants on Host Country Wages, Employment
and Growth,” Journal of Economic Perspectives, 1995, 9 (2), 23–44.

Genoni, Maria, Gabriela Farfan, Luis Rubalcava, Graciela Teruel, Duncan
Thomas, and Andrea Velasquez, “Mexicans in America,” Working Paper, BREAD
2017.

Glitz, Albrecht, “The Labour Market Impact of Immigration: Quasi-Experimental Evi-
dence,” Journal of Labor Economics, 2012, 30, 175–213.

Goodman-Bacon, Andrew, “The long-run e↵ects of childhood insurance coverage: Med-
icaid implementation, adult health, and labor market outcomes,” Technical Report, Na-
tional Bureau of Economic Research 2016.

Grossman, Jean Baldwin, “The Substitutability of Natives and Immigrants in Produc-
tion,” Review of Economics and Statistics, 1982, 54, 596–603.

Hercowitz, Zvi and Eran Yashiv, “A macroeconomic experiment in mass immigration,”
Working Paper, IZA 2002.

Hoefer, Michael, Nancy Francis Rytina, and Brian Baker, Estimates of the unautho-
rized immigrant population residing in the United States: January 2011, Citeseer, 2012.

Hook, Jennifer Van, Frank D Bean, James D Bachmeier, and Catherine Tucker,
“Recent trends in coverage of the Mexican-born population of the United States: Results
from applying multiple methods across time,” Demography, 2014, 51 (2), 699–726.

Hunt, Jennifer, “The Impact of the 1962 Repatriates from Algeria on the French Labor
Market,” Industrial and Labor Relations Review, 1992, 45, 556–572.

Karoly, Lynn A and Francisco Perez-Arce, A Cost-Benefit Framework for Analyzing
the Economic and Fiscal Impacts of State-Level Immigration Policies, RAND, 2016.

Kohli, Aarti, Peter L Markowitz, and Lisa Chavez, “Secure communities by the
numbers: An analysis of demographics and due process,” The chief justice earl warren
institute on law and social policy, 2011, pp. 1–20.

Kostandini, Genti, Elton Mykerezi, and Cesar Escalante, “The impact of immigra-
tion enforcement on the US farming sector,” American Journal of Agricultural Economics,
2013, 96 (1), 172–192.

Lee, Jin Young and Gary Solon, “The fragility of estimated e↵ects of unilateral divorce
laws on divorce rates,” The BE Journal of Economic Analysis & Policy, 2011, 11 (1).

28



Lee, Jongkwan, Giovanni Peri, and Vasil Yasenov, “The Employment E↵ects of Mex-
ican Repatriations: Evidence from the 1930’s,” Working Paper 23885, National Bureau of
Economic Research September 2017.

Liu, Xiangbo, “On the Macroeconomic and Welfare E↵ects of Illegal Immigration,” Journal
of Economic Dynamics and Control, 2010, 34, 2547–2567.

Longhi, Simonetta, Peter Nijkamp, and Jacques Poot, “A Meta-Analytic Assessment
of the E↵ect of Immigration on Wages,” Journal of Economic Surveys, 2005, 19 (3), 451–
477.

, , and , “The impact of immigration on the employment of natives in regional labour
markets: A meta-analysis,” Working Paper, IZA 2006.

Mansour, Hani, “The E↵ects of Labor Supply Shocks on Labor Market Outcomes: Evi-
dence from the Israeli-Palestinian Conflict,” Labour Economics, 2010, 17, 930–939.

Miles, Thomas J and Adam B Cox, “Does immigration enforcement reduce crime?
evidence from secure communities,” The Journal of Law and Economics, 2014, 57 (4),
937–973.

Orrenius, Pia M and Madeline Zavodny, “The e↵ects of tougher enforcement on the
job prospects of recent Latin American immigrants,” Journal of Policy Analysis and Man-
agement, 2009, 28 (2), 239–257.

and , “The impact of E-Verify mandates on labor market outcomes,” Southern Eco-
nomic Journal, 2015, 81 (4), 947–959.

Ottaviano, Gianmarco and Giovanni Peri, “Rethinking the E↵ect of Immigration on
Wages,” Journal of the European Economic Association, 2012, 10 (1), 152–197.

Passel, Je↵rey S and D’Vera Cohn, Unauthorized immigrant population: National and
state trends, 2010, Pew Hispanic Center Washington, DC, 2011.

and , “Size of U.S. Unauthorized Immigrant Workforce Stable After the Great Reces-
sion,” Pew Research Center, 2016.

Pham, Huyen and Pham Hoang Van, “Economic impact of local immigration regula-
tion: an empirical analysis,” Immigr. & Nat’lity L. Rev., 2010, 31, 687.

Philipp, Ager and Casper Worm Hansen, “Closing Heaven’s Door: Evidence from the
1920s U.S. Immigration Quota Acts,” Working Paper 2018.

Phillips, Julie A and Douglas S Massey, “The new labor market: Immigrants and
wages after IRCA,” Demography, 1999, 36 (2), 233–246.

Pischke, Jörn-Ste↵en and Johannes Velling, “Employment e↵ects of immigration to
Germany: an analysis based on local labor markets,” Review of Economics and Statistics,
1997, 79 (4), 594–604.

Ruggles, Steven, Katie Genadek, Ronald Goeken, Josiah Grover, and Matthew
Sobek, “Integrated Public Use Microdata Series: Version 7.0. [dataset],” 2017.

29



Sakuma, Amanda, “Donald Trumps Plan to Outsource Immigration Enforcement to Local
Cops,” The Atlantic, 2017.

Solon, Gary, Steven J Haider, and Je↵rey M Wooldridge, “What are we weighting
for?,” Journal of Human resources, 2015, 50 (2), 301–316.

Steil, Justin Peter and Ion Bogdan Vasi, “The new immigration contestation: So-
cial movements and local immigration policy making in the United States, 2000–2011,”
American Journal of Sociology, 2014, 119 (4), 1104–1155.

Wang, Julia Shu-Huah and Neeraj Kaushal, “Health and Mental Health E↵ects of
Local Immigration Enforcement,” Working Paper 24487, National Bureau of Economic
Research April 2018.

Warren, Robert, “Democratizing Data about Unauthorized Residents in the United States:
Estimates and Public-use Data, 2010 to 2013,” Journal on Migration and Human Security,
2014, 2 (4), 305–328.

and John Robert Warren, “Unauthorized Immigration to the United States: Annual
Estimates and Components of Change, by State, 1990 to 2010,” International Migration
Review, 2013, 47 (2), 296–329.

Watson, Tara, “Enforcement and Immigrant Location Choice,” Working Paper 19626,
National Bureau of Economic Research November 2013.

Wolfers, Justin, “Did unilateral divorce laws raise divorce rates? A reconciliation and new
results,” American Economic Review, 2006, 96 (5), 1802–1820.

30



7 Figures

Figure 1: Rollout of Secure Communities by Year

2008 2009

2010 2011

2012 2013

2014

Notes: Counties that had adopted the Secure Communities based on December of each year are
shaded. See text for sources.
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Figure 2: Rollout of Secure Communities across Counties within States

Notes: The above figure plots the phase in of Secure Communities within States. In January of 2015
SC was replaced by the Priority Enforcement Program, by the Obama administration.

Figure 3: Distribution of Skill Intensity Across Occupations

Notes: The above figure plots density of skill intensity across occupations as measured by the share
of workers within an occupation with a college degree. This is estimated using the 2005 American
Community Survey (ACS). The black bar indicates the occupation with the median skill (12.7) the
blue and red bars depict the 25th and 75th percentile skill occupations respectively (4.6 and 42.2).
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Figure 4: E↵ect of SC on Total Male Employment

Notes: Data are from the 2005-2014 American Community Survey. The sample is based on all
working-ages (20-64) males. The figure plots the marginal e↵ect of SC on total employment. Total
employment is divided by PUMA population and multiplied by 100,000. Event time is measured
in years and all coe�cients are relative to the year prior to SC adoption in each county. The blue
dots show the marginal e↵ects in event time and the dashed black lines show the 95% confidence
intervals. We include our full set of controls, including year and PUMA fixed e↵ects, PUMA-year
linear trends, policy controls related to 287(g) programs, labor demand controls, and housing price
controls. We weight the results by the PUMA population in 2000 and cluster the standard errors at
the PUMA level.
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Figure 5: E↵ect of SC on Men’s Employment Across the Skill Distribution

Panel A: All Panel B: Citizens

Panel C: Non-Citizens Panel D: Low-skilled Non-Citizens

Notes: Data are from the 2005-2014 American Community Survey. The sample is based on all working-ages (20-64)
males. We include our full set of preferred controls, including year and PUMA fixed e↵ects, PUMA-year linear trends,
policy controls related to 287(g) programs, labor demand controls, and housing price controls. The blue dots show the
marginal e↵ects and the dashed black lines show the 95% confidence intervals. The marginal e↵ects are from “moving
window” style regressions with bin sizes of 25 percentage points. The estimate on the far left is for occupations below
the 25th percentile in skill, the next estimate to the right is for occupations from the 5th to 30th percentile in skill,
and so on, up until the far right estimate for the 75th to 100th percentile in skill. We weight the results by the PUMA
population in 2000 and standard errors are clustered at the PUMA level.

34



Figure 6: Distribution of Low-Skilled Non-Citizen Across Industries

Notes: The above figure plots density of low-skilled non-citizen labor intensity across industries as measured by the
2005 American Community Survey (ACS). The black bar indicates the industry with the median low-skilled non-
citizen labor intensity (4.16) the blue and red bars depict the 25th and 75th percentile industries, respectively (1.86
and 7.87).
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Figure 7: E↵ect of SC on Men’s Employment Across Sectors

Notes: Data are from the 2005-2014 American Community Survey. The sample is based on all working-ages (20-64)
males. The horizontal axis plots the percent e↵ect for each sector on the sample of low-skilled non-citizen men in
the 25-50th occupational skill percentiles. The vertical axis plots the percent e↵ect for each sector on the sample
of citizen men in the 50-75th occupational skill percentiles. The percent e↵ect is calculated by taking the � from
equation (1) for each demographic and sector group, and then dividing this � by the sample mean employment to
population ratio for each demographic and sector. We include our full set of preferred controls, including year and
PUMA fixed e↵ects, PUMA-year linear trends, policy controls related to 287(g) programs, labor demand controls, and
housing price controls. The sector ”FIRE” stands for ”Finance, Insurance and Real Estate”. We weight the results
by the PUMA population in 2000 and standard errors are clustered at the PUMA level.
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8 Tables

Table 1: E↵ect of SC on Employment by Citizenship Status, Men

Dep. Var: Employment/Population

All skill < 25 25 < skill < 50 50 < skill < 75 75 < skill

A: Total
�: SC -280.806⇤⇤⇤ 46.472 -138.978⇤⇤ -224.073⇤⇤⇤ 35.773

(97.158) (84.567) (61.709) (67.041) (69.392)
PUMA-Year Trends X X X X X
287g X X X X X
Labor Demand X X X X X
Housing Prices X X X X X
Y mean 37423.09 11381.03 7838.75 8719.45 9483.87
Observations 9160 9160 9160 9160 9160

Dep. Var: Employment/Population

All skill < 25 25 < skill < 50 50 < skill < 75 75 < skill

B: Citizen
�: SC -167.768⇤ 63.841 -51.213 -216.101⇤⇤⇤ 35.705

(98.875) (75.489) (57.518) (66.092) (64.762)
PUMA-Year Trends X X X X X
287g X X X X X
Labor Demand X X X X X
Housing Prices X X X X X
Y mean 34091.44 9795.92 7085.67 8321.58 8888.28
Observations 9160 9160 9160 9160 9160

Dep. Var: Employment/Population

All skill < 25 25 < skill < 50 50 < skill < 75 75 < skill

C: Non-Citizen
�: SC -113.230⇤ -17.472 -87.589⇤⇤⇤ -7.776 -0.392

(61.308) (44.187) (25.916) (17.827) (21.817)
PUMA-Year Trends X X X X X
287g X X X X X
Labor Demand X X X X X
Housing Prices X X X X X
Y mean 3331.25 1585.08 752.95 397.82 595.40
Observations 9160 9160 9160 9160 9160

Dep. Var: Employment/Population

All skill < 25 25 < skill < 50 50 < skill < 75 75 < skill

D: Low-Skilled Non-Citizen
�: SC -108.143⇤⇤ -22.500 -77.684⇤⇤⇤ -5.250 -2.709

(51.492) (38.809) (23.337) (12.036) (6.194)
PUMA-Year Trends X X X X X
287g X X X X X
Labor Demand X X X X X
Housing Prices X X X X X
Y mean 2170.94 1367.84 576.90 183.29 42.91
Observations 9160 9160 9160 9160 9160

Notes: Data are from the 2005-2014 American Community Survey. The sample is based on all
working-aged (20-64) males. The dependent variable in column 1 is total employment by PUMA
and year, and in columns 2-5 the dependent variable is employment by occupational skill intensity for
each skill quartile. In all specifications employment is divided by PUMA population and multiplied
by 100,000. All specifications include year and PUMA fixed e↵ects, PUMA linear trends, controls
for 287(g) programs, labor demand controls, and housing price controls. Panel A includes the full
sample, and Panels B-D restrict the sample to citizens, non-citizens, and low-skill non-citizens,
respectively. All regressions are weighted by the PUMA population in 2000. Standard errors are
clustered by PUMA and are reported in parenthesis. * p<0.10, ** p<0.05, *** p<0.01
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Table 2: E↵ect of Immigration Laws on Employment by Sector, Men

Dep. Var: Employment/Population

Total skill < 25 25 < skill < 50 50 < skill < 75 75 < skill

A: Citizen, Sector w/ LSNCshr >4%
�: SC -8.558 10.402 -3.018 -23.252⇤⇤ 7.311

(19.503) (12.478) (9.134) (9.655) (6.671)
Y mean 3605.13 1365.57 859.96 928.31 451.29
Observations 45615 45615 45615 45615 45615

Dep. Var: Employment/Population

Total skill < 25 25 < skill < 50 50 < skill < 75 75 < skill

B: Citizen, Sector w/ LSNCshr <4%
�: SC -13.071 1.593 -2.982 -11.698 0.016

(14.841) (6.530) (6.461) (7.646) (9.588)
Y mean 2503.30 468.21 435.58 563.50 1036.01
Observations 55457 55457 55457 55457 55457

Dep. Var: Employment/Population

Total skill < 25 25 < skill < 50 50 < skill < 75 75 < skill

C: Low-Skilled Non-Citizen, Sector w/ LSNCshr >4%
�: SC -23.556⇤⇤⇤ -8.668 -13.600⇤⇤⇤ -0.793 -0.494

(9.089) (6.870) (4.137) (1.965) (0.660)
Y mean 353.49 225.80 98.26 25.70 3.73
Observations 45615 45615 45615 45615 45615

Dep. Var: Employment/Population

Total skill < 25 25 < skill < 50 50 < skill < 75 75 < skill

D: Low-Skilled Non-Citizen, Sector w/ LSNCshr <4%
�: SC 3.713 4.692⇤⇤ -1.029 0.079 -0.030

(3.037) (2.318) (1.407) (1.044) (0.745)
Y mean 64.02 37.98 13.63 8.60 3.81
Observations 55457 55457 55457 55457 55457

Notes: Data are from the 2005-2014 American Community Survey. The sample is based on all working-aged (20-64)
males. Individuals who report no industry are dropped from the sample. The dependent variable in column 1 is total
employment by PUMA and year, and in columns 2-5 the dependent variable is employment by occupational skill
intensity for each skill quartile. In all specifications employment is divided by PUMA population and multiplied by
100,000. All specifications include year and PUMA fixed e↵ects, PUMA linear trends, controls for 287(g) programs,
labor demand controls, and housing price controls. Panel A-B restrict the sample to citizens, and Panels C-D restrict
the sample to low-skilled non-citizens. All regressions are weighted by the PUMA population in 2000. Standard errors
are clustered by PUMA and are reported in parenthesis. * p<0.10, ** p<0.05, *** p<0.01
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Table 3: E↵ect of SC on Employment by Low-Skilled Non-Citizen Population Intensity, Men

Dep. Var: Employment/Population

All skill < 25 25 < skill < 50 50 < skill < 75 75 < skill

A: Citizen
SC * Below 25th Perc (.01) Low-Skill Non-Citizen -256.039 93.379 -55.467 -183.690⇤ -110.262

(173.314) (151.400) (106.797) (103.692) (106.332)
SC * 25th-50th Perc (.01-.02) Low-Skill Non-Citizen -79.583 86.620 -33.291 -238.453⇤⇤ 105.541

(140.464) (109.267) (87.536) (94.751) (94.529)
SC * 50th-75th Perc (.02-.04) Low-Skill Non-Citizen -78.395 138.517 -75.375 -103.448 -38.089

(143.470) (109.186) (89.391) (99.621) (94.264)
SC * Above 75th Perc (.04) Low-Skill Non-Citizen -258.893⇤ -36.889 -41.911 -315.674⇤⇤⇤ 135.581

(148.167) (106.302) (81.732) (99.898) (91.829)
Y mean Below P 25 35382.77 35382.77 35382.77 35382.77 35382.77
Y mean P 25 - P 50 35078.25 35078.25 35078.25 35078.25 35078.25
Y mean P 50 - P 75 33604.34 33604.34 33604.34 33604.34 33604.34
Y mean Above P 75 29467.66 29467.66 29467.66 29467.66 29467.66
Observations 9160 9160 9160 9160 9160

Dep. Var: Employment/Population

All skill < 25 25 < skill < 50 50 < skill < 75 75 < skill

B: Low-Skilled Non-Citizen
SC * Below 25th Perc (.01) Low-Skill Non-Citizen -70.526 -3.171 -55.626⇤⇤ -6.404 -5.325

(46.779) (38.179) (23.995) (12.432) (5.641)
SC * 25th-50th Perc (.01-.02) Low-Skill Non-Citizen -92.299⇤ -32.789 -51.020⇤ -5.930 -2.560

(53.431) (42.119) (28.033) (13.947) (7.045)
SC * 50th-75th Perc (.02-.04) Low-Skill Non-Citizen -20.645 4.235 -17.242 -8.547 0.908

(65.222) (53.158) (32.364) (15.679) (7.525)
SC * Above 75th Perc (.04) Low-Skill Non-Citizen -219.492⇤⇤ -49.494 -164.548⇤⇤⇤ -1.153 -4.297

(104.158) (82.239) (48.108) (27.408) (12.655)
Y mean Below P 25 371.45 371.45 371.45 371.45 371.45
Y mean P 25 - P 50 873.10 873.10 873.10 873.10 873.10
Y mean P 50 - P 75 1962.19 1962.19 1962.19 1962.19 1962.19
Y mean Above P 75 5539.56 5539.56 5539.56 5539.56 5539.56
Observations 9160 9160 9160 9160 9160

Notes: Data are from the 2005-2014 American Community Survey. The sample is based on all
working-aged (20-64) males. The dependent variable in column 1 is total employment by PUMA
and year, and in columns 2-5 the dependent variable is employment by occupational skill intensity for
each skill quartile. In all specifications employment is divided by PUMA population and multiplied
by 100,000. All specifications include year and PUMA fixed e↵ects, PUMA linear trends, controls for
287(g) programs, labor demand controls, and housing price controls. Panel A restricts the sample
to citizens, and Panel B restricts the sample to low-skill non-citizens. Models are weighted by the
PUMA population in 2000. Standard errors are clustered by PUMA and are reported in parenthesis.
* p<0.10, ** p<0.05, *** p<0.01
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Table 4: E↵ect of SC on PUMA Migration Rates

All Citizens Non Citizens LSNC

A: All
SC -14.528 13.805 -28.146 -28.439⇤⇤

(97.832) (90.134) (20.744) (13.724)
PUMA-Year Trends X X X X
287g X X X X
Labor Demand X X X X
Housing Prices X X X X
Y mean 5380.76 4976.40 404.41 184.23
Observations 7336 7336 7336 7336

B: Males
SC -129.919 -94.065 -36.161 -43.395⇤⇤

(114.834) (105.904) (28.003) (19.276)
PUMA-Year Trends X X X X
287g X X X X
Labor Demand X X X X
Housing Prices X X X X
Y mean 5521.82 5070.79 450.97 214.82
Observations 7336 7336 7336 7336

Notes: Data are from the 2005-2014 American Community Survey. The sample is based on all working-age (20-64)
individuals. The dependent variable in column 1 is total migration rate at the PUMA and year level, in columns 2-4
the dependent variable measures migration rates for citizens, non-citizens and low-skilled non-citizens, respectively.
Panel A shows total migration rates and Panel B restrict the sample to males. All specifications include year and
PUMA fixed e↵ects, PUMA linear trends, controls for 287(g) programs, labor demand controls, and housing price
controls. All regressions are weighted by the PUMA population in 2000. Standard errors are clustered by PUMA and
are reported in parenthesis. * p<0.10, ** p<0.05, *** p<0.01
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Table 5: E↵ect of SC on Employment, Robustness to Fixed Population, Men

All 25 < skill < 50 50 < skill < 75

A: Total
�: SC -280.806⇤⇤⇤ -115.995 -138.978⇤⇤ -80.681⇤ -224.073⇤⇤⇤ -122.500⇤⇤⇤

(97.158) (75.774) (61.709) (41.224) (67.041) (44.173)
PUMA-Year Trends X X X X X X
287g X X X X X X
Labor Demand X X X X X X
PUMA Housing Prices X X X X X X
Time-Varying Pop X X X
Fixed Pop X X X
Y mean 37423 24192 7839 5054 8719 5663
Observations 9160 9160 9160 9160 9160 9160

All 25 < skill < 50 50 < skill < 75

B: Citizen
�: SC -167.768⇤ -63.188 -51.213 -24.937 -216.101⇤⇤⇤ -118.580⇤⇤⇤

(98.875) (71.192) (57.518) (37.940) (66.092) (43.498)
PUMA-Year Trends X X X X X X
287g X X X X X X
Labor Demand X X X X X X
PUMA Housing Prices X X X X X X
Time-Varying Pop X X X
Fixed Pop X X X
Y mean 34091 22003 7086 4559 8322 5401
Observations 9160 9160 9160 9160 9160 9160

All 25 < skill < 50 50 < skill < 75

C: Non-Citizen
�: SC -113.230⇤ -52.879 -87.589⇤⇤⇤ -55.621⇤⇤⇤ -7.776 -3.758

(61.308) (42.594) (25.916) (17.667) (17.827) (12.157)
PUMA-Year Trends X X X X X X
287g X X X X X X
Labor Demand X X X X X X
PUMA Housing Prices X X X X X X
Time-Varying Pop X X X
Fixed Pop X X X
Y mean 3331 2189 753 495 398 262
Observations 9160 9160 9160 9160 9160 9160

All 25 < skill < 50 50 < skill < 75

D: Low-Skilled Non-Citizen
�: SC -108.143⇤⇤ -53.090 -77.684⇤⇤⇤ -49.024⇤⇤⇤ -5.250 -1.860

(51.492) (35.345) (23.337) (15.634) (12.036) (8.033)
PUMA-Year Trends X X X X X X
287g X X X X X X
Labor Demand X X X X X X
PUMA Housing Prices X X X X X X
Time-Varying Pop X X X
Fixed Pop X X X
Y mean 2171 1422 577 379 183 120
Observations 9160 9160 9160 9160 9160 9160

Notes: Data are from the 2005-2014 American Community Survey. The sample is based on all
working-aged (20-64) males. The dependent variable in columns 1-2 is total employment by PUMA
and year, and in columns 3-6 the dependent variable is employment by occupational skill intensity
for the middle two occupational skill quartiles. All specifications include year and PUMA fixed
e↵ects, PUMA linear trends, controls for 287(g) programs, labor demand controls, and housing
price controls. Panel A includes the full sample, and Panels B-D restrict the sample to citizens, non-
citizens, and low-skill non-citizens, respectively. Specifications in the odd columns (1, 3, 5) divide
employment by time-varying working-age PUMA population and multiply by 100,000. Specifications
in the even columns (2, 4, 6) divide employment by total PUMA population as of 2000 and multiply
by 100,000. Standard errors are clustered by PUMA and are reported in parenthesis. * p<0.10, **
p<0.05, *** p<0.01
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Table 6: E↵ect of SC on Employment, Inverse Hyperbolic Sine

Dep. Var: Employment/Population

All skill < 25 25 < skill < 50 50 < skill < 75 75 < skill

A: Total
�: SC -0.003 0.009 -0.015⇤ -0.023⇤⇤⇤ 0.010

(0.003) (0.009) (0.009) (0.008) (0.009)
PUMA-Year Trends X X X X X
287g X X X X X
Labor Demand X X X X X
Housing Prices X X X X X
Y mean 12.03 10.80 10.45 10.56 10.57
Observations 9160 9160 9160 9160 9160

Dep. Var: Employment/Population

All skill < 25 25 < skill < 50 50 < skill < 75 75 < skill

B: Citizen
�: SC -0.001 0.011 -0.006 -0.024⇤⇤⇤ 0.011

(0.004) (0.010) (0.009) (0.009) (0.009)
PUMA-Year Trends X X X X X
287g X X X X X
Labor Demand X X X X X
Housing Prices X X X X X
Y mean 11.93 10.62 10.35 10.51 10.52
Observations 9160 9160 9160 9160 9160

Dep. Var: Employment/Population

All skill < 25 25 < skill < 50 50 < skill < 75 75 < skill

C: Non-Citizen
�: SC -0.036 0.056 -0.099 -0.088 0.024

(0.038) (0.065) (0.107) (0.112) (0.091)
PUMA-Year Trends X X X X X
287g X X X X X
Labor Demand X X X X X
Housing Prices X X X X X
Y mean 9.04 7.96 6.85 6.19 6.80
Observations 9160 9160 9160 9160 9160

Dep. Var: Employment/Population

All skill < 25 25 < skill < 50 50 < skill < 75 75 < skill

D: Low-Skilled Non-Citizen
�: SC -0.055 0.056 -0.170 0.080 -0.311

(0.061) (0.082) (0.111) (0.169) (0.218)
PUMA-Year Trends X X X X X
287g X X X X X
Labor Demand X X X X X
Housing Prices X X X X X
Y mean 8.32 7.68 6.29 4.70 2.74
Observations 9160 9160 9160 9160 9160

Notes: Data are from the 2005-2014 American Community Survey. The sample is based on all
working-aged (20-64) males. The dependent variable in columns 1-2 is total employment by PUMA
and year, and in columns 3-6 the dependent variable is employment by occupational skill intensity
for the middle two skill quartiles. All specifications include year and PUMA fixed e↵ects, PUMA
linear trends, controls for 287(g) programs, labor demand controls, and housing price controls. Panel
A includes the full sample, and Panels B-D restrict the sample to citizens, non-citizens, and low-skill
non-citizens, respectively. All regressions are weighted by the PUMA population in 2000. Standard
errors are clustered by PUMA and are reported in parenthesis. * p<0.10, ** p<0.05, *** p<0.01
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Table 7: E↵ect of SC on Log of Usual Hours Worked, Men

Dep. Var: Log Usual Hours Worked

Total skill < 25 25 < skill < 50 50 < skill < 75 75 < skill

A: Total
�1: SC -0.007⇤⇤⇤ -0.014⇤⇤⇤ -0.004 -0.005 -0.004

(0.002) (0.004) (0.005) (0.004) (0.003)
PUMA-Year Trends X X X X X
287g X X X X X
Labor Demand X X X X X
Housing Prices X X X X X
Y mean 3.66 3.61 3.61 3.69 3.74
Observations 99945 76655 84618 89053 78478

Dep. Var: Log Usual Hours Worked

Total skill < 25 25 < skill < 50 50 < skill < 75 75 < skill

B: Citizen
�1: SC -0.007⇤⇤⇤ -0.015⇤⇤⇤ -0.009 -0.005 -0.003

(0.002) (0.005) (0.006) (0.004) (0.003)
PUMA-Year Trends X X X X X
287g X X X X X
Labor Demand X X X X X
Housing Prices X X X X X
Y mean 3.66 3.60 3.60 3.70 3.74
Observations 99750 75737 83967 88713 78159

Dep. Var: Log Usual Hours Worked

Total skill < 25 25 < skill < 50 50 < skill < 75 75 < skill

C: Non-Citizen
�1: SC -0.011 -0.021⇤⇤ -0.002 -0.033 -0.001

(0.008) (0.011) (0.017) (0.022) (0.013)
PUMA-Year Trends X X X X X
287g X X X X X
Labor Demand X X X X X
Housing Prices X X X X X
Y mean 3.67 3.65 3.64 3.69 3.72
Observations 57312 34335 27778 22121 23987

Dep. Var: Log Usual Hours Worked

Total skill < 25 25 < skill < 50 50 < skill < 75 75 < skill

D: Low-Skilled Non-Citizen
�1: SC 0.001 -0.017 0.018 -0.045 0.169

(0.013) (0.012) (0.015) (0.028) (0.119)
PUMA-Year Trends X X X X X
287g X X X X X
Labor Demand X X X X X
Housing Prices X X X X X
Y mean 3.65 3.66 3.65 3.69 3.63
Observations 43114 31117 22034 11738 4215

Notes: Data are from the 2005-2014 American Community Survey. The sample is based on all working-aged (20-64)
males. The dependent variable in column 1 is PUMA by year by sector average of the log of usual hours worked for
the full sample, in columns 2-5 the dependent variable is PUMA by year by sector average of the log of usual hours
worked by occupational skill intensity for each skill quartile. These averages are computed by collapsed the individual
level ACS data to the PUMA-year-sector averages using the individual survey weights. All specifications include
year, PUMA, and sector fixed e↵ects, PUMA linear trends, controls for 287(g) programs, labor demand controls, and
housing price controls. Panel A includes the full sample, and Panels B-D restrict the sample to citizens, non-citizens,
and low-skill non-citizens, respectively. Regressions are weighted by the PUMA-year-sector employment for men (and
by skill quartile for columns 2-5) in 2005. Standard errors are clustered by PUMA and are reported in parenthesis. *
p<0.10, ** p<0.05, *** p<0.01
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Table 8: E↵ect of SC on Log of Hourly Wages, Men

Dep. Var: Log Wages

Total skill < 25 25 < skill < 50 50 < skill < 75 75 < skill

A: Total
�1: SC 0.002 0.006 -0.004 -0.004 -0.008

(0.006) (0.008) (0.009) (0.009) (0.009)
PUMA-Year Trends X X X X X
287g X X X X X
Labor Demand X X X X X
Housing Prices X X X X X
Y mean 3.29 2.90 3.01 3.28 3.74
Observations 98975 75425 82678 85164 75587

Dep. Var: Log Wages

Total skill < 25 25 < skill < 50 50 < skill < 75 75 < skill

B: Citizen
�1: SC 0.002 0.011 -0.007 -0.004 -0.005

(0.006) (0.009) (0.009) (0.009) (0.010)
PUMA-Year Trends X X X X X
287g X X X X X
Labor Demand X X X X X
Housing Prices X X X X X
Y mean 3.31 2.92 3.03 3.29 3.75
Observations 98620 74291 81573 84661 75218

Dep. Var: Log Wages

Total skill < 25 25 < skill < 50 50 < skill < 75 75 < skill

C: Non-Citizen
�1: SC 0.019 0.013 0.006 0.029 0.018

(0.017) (0.022) (0.024) (0.041) (0.029)
PUMA-Year Trends X X X X X
287g X X X X X
Labor Demand X X X X X
Housing Prices X X X X X
Y mean 3.04 2.63 2.71 3.05 3.68
Observations 53296 32236 24646 17375 21317

Dep. Var: Log Wages

Total skill < 25 25 < skill < 50 50 < skill < 75 75 < skill

D: Low-Skilled Non-Citizen
�1: SC 0.018 -0.011 0.006 -0.032 0.064

(0.022) (0.022) (0.032) (0.070) (0.193)
PUMA-Year Trends X X X X X
287g X X X X X
Labor Demand X X X X X
Housing Prices X X X X X
Y mean 2.70 2.61 2.65 2.80 3.17
Observations 40211 29602 20134 9006 3041

Notes: Data are from the 2005-2014 American Community Survey. The sample is based on all working-aged (20-64)
males. The dependent variable in column 1 is PUMA by year by sector average of the log of hourly wages for the
full sample, in columns 2-5 the dependent variable is PUMA by year by sector average of the log of hourly wages by
occupational skill intensity for each skill quartile. These averages are computed by collapsed the individual level ACS
data to the PUMA-year-sector averages using the individual survey weights. All specifications include year, PUMA,
and sector fixed e↵ects, PUMA linear trends, controls for 287(g) programs, labor demand controls, and housing price
controls. Panel A includes the full sample, and Panels B-D restrict the sample to citizens, non-citizens, and low-skill
non-citizens, respectively. Regressions are weighted by the PUMA-year-sector employment for men (and by skill
quartile for columns 2-5) in 2005. Standard errors are clustered by PUMA and are reported in parenthesis. * p<0.10,
** p<0.05, *** p<0.01

44


