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Abstract 

Deferred Action for Childhood Arrivals (DACA) was an immigration policy which 

allowed approximately 1.5–2 million undocumented immigrants brought to the 

United States as children (also known as DREAMers) who met specific eligibility 

criteria to apply for and receive temporary deportation relief and work authorization. 

This paper seeks to quantify the effect that DACA had on the labor market outcomes 

of DREAMers, as well as its effects on schooling and healthcare. I utilize a two-

stage difference-in-differences design using data from the American Community 

Survey and the Survey of Income and Program Participation, and find that DACA 

significantly increased the likelihood of working, moving about 10 percent of the 

DREAMer population into the labor force and employment, and decreasing 

unemployment by 3.8 percentage points. I also report that DACA increased 

incomes among DREAMers, as well as health insurance coverage, but had no effect 

on school attendance. Furthermore, I find that the effects of DACA are unequal, 

with DREAMers lower in the income distribution gaining the most from it. 
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1.  Introduction 

 

“This is not amnesty, this is not immunity. This is not a path to citizenship. It’s not a permanent 

fix. This is a temporary stopgap measure that lets us focus our resources wisely while giving a 

degree of relief and hope to talented, driven, patriotic young people. It is the right thing to do.” 

— President Obama on the announcement of DACA, June 15, 2012.1 

 

 On June 15, 2012 in the Rose Garden in the White House, President Barack Obama 

announced that his administration was utilizing its prosecutorial discretion to implement a policy 

of Deferred Action for Childhood Arrivals (DACA). DACA was introduced two years after the 

failure of the DREAM (“Development, Relief and Education for Alien Minors”) Act of 2010 in 

the Senate2 which would have granted unauthorized immigrants brought to the U.S. as children 

(commonly known as DREAMers) who met certain eligibility criteria conditional resident status, 

followed by permanent residency after six years. DACA granted these DREAMers a two-year, 

renewable period of deferred action from deportation, as well as temporary work authorization. 

 Following the Republican victory in the 2016 presidential election, Attorney General Jeff 

Sessions announced the repeal of DACA on September 5, 2017, with the first permits expiring 

from March 5, 2018, and President Trump urged Congress to introduce a legislative replacement 

for the program. The congressional disputes over a possible replacement for DACA led to a three-

day shutdown of the federal government, from January 20 to 22, 2018, which ended without any 

resolution over what to do with the DREAMers. In the courts, following a legal challenge by the 

                                                
1 https://obamawhitehouse.archives.gov/the-press-office/2012/06/15/remarks-president-immigration/  
2 The (Democratic-controlled) House of Representatives passed the DREAM Act 216–198 on December 10, 2010, 
but the bill only received 55 votes in the Senate, insufficient to overcome a Republican filibuster. 
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University of California system and UC President Janet Napolitano (who as Secretary of 

Homeland Security oversaw the introduction and implementation of DACA), the U.S. District 

Court for the Northern District of California temporarily blocked part of the Trump 

administration’s repeal of DACA on January 9, 2018, ordering the government to continue to 

renew deferred action for existing DACA recipients; in a separate case the U.S. District Court for 

the Eastern District of New York granted an injunction on February 13, 2018 requiring the 

government to restore the full DACA program. These decisions have been appealed to higher 

courts, and at the time of writing of this essay the fate of the DREAMers still remains in limbo. 

 It is thus perhaps unsurprising that the issue of immigration, both legal and unauthorized, 

looms large in American society and political discourse today, especially after the 2016 election. 

It is estimated that there are over 12 million unauthorized immigrants living in the United States, 

i.e. approximately 3.5% of the total population of the country (Baker, 2014). Even though they 

live under the constant threat of deportation and are unable to legally work, unauthorized 

immigrants still play a significant role in the American economy; studies have found that 

unauthorized immigrants contribute approximately 3% to the nation’s GDP (Edwards and Ortega, 

2017). There is therefore no easy answer to the question of what to do about the unauthorized 

population already in the country — mass deportation is both practically and politically impossible, 

yet given the current political climate legalization is also out of the question.  

The unauthorized immigrant population in the U.S. skews young: approximately 72%, or 

about 8 million, is between the ages of 18 and 44, compared to 36% of the U.S. population as a 

whole (Capps et al., 2013; U.S. Census Bureau, 2010). Of these young adults, it is estimated that 

approximately 1.5 to 2 million of them qualify as DREAMers, i.e. are eligible for DACA (Batalova 

et al., 2014). These DREAMers are perhaps the most politically sympathetic group of immigrants 
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— most were brought to the U.S. as children and therefore (arguably) not responsible for their 

undocumented status; most have been raised as Americans and have never returned to their 

birthplaces; in President Obama’s words when he announced DACA “they are Americans in their 

heart, in their minds, in every single way but one: on paper.”3 In fact, recent polling has shown 

that almost 9 in 10 Americans support a path to permanent residency or citizenship for 

DREAMers.4 The moral case for DACA is therefore an easy one to make; the economic argument, 

on the other hand, is more interesting. 

DREAMers and other unauthorized immigrants encounter significant labor market 

frictions — without work authorization, they are often restricted to informal jobs at the periphery 

of the labor market where employers are willing to ignore their legal status; they also work under 

constant threat of arrest and deportation. Furthermore, unauthorized immigrants are unable to 

receive driver’s licenses or other forms of identification, which further restricts labor mobility. For 

example, Hall et al. (2010) find a 17 percent disparity in wages of unauthorized and legal Mexican 

immigrants. By reducing or even eliminating these frictions, DACA can potentially improve the 

labor market outcomes of DREAMers, raising their incomes and reducing unemployment and 

underemployment. DACA can therefore also be beneficial for the larger economy, by increasing 

the supply of educated labor, reducing unemployment and raising wages and output. 

This paper therefore aims to examine and quantify the impacts of DACA on the labor 

market outcomes of DREAMers, specifically labor force participation and employment, hours 

worked, and income, building on the work by Pope (2016). I draw upon his identification strategy, 

utilizing data from the 2005 – 2016 American Community Survey (ACS) and a difference-in-

                                                
3 See note 1. 
4 http://thehill.com/blogs/blog-briefing-room/news/369487-poll-nearly-nine-in-10-favor-allowing-daca-recipients-
to-stay/  
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differences approach with some regression discontinuity design elements based on the eligibility 

criteria for DACA to estimate the effects of the program on the population identified as potentially 

DACA-eligible. However, the ACS does not include questions directly relating to immigration 

status, which can result in issues in identifying undocumented individuals and DREAMers, such 

as legal immigrants being incorrectly classified as DREAMers. This in turn would bias the DID 

estimates toward zero, which may lead to a serious understatement of the effects of DACA — 

Pope states in his work that due to this issue his estimates may be up to 1.6 times lower than the 

actual effect of the program. Therefore, I remedy this problem by using data from the 2008 Survey 

of Income and Program Participation (SIPP) to predict a two-stage model for determining whether 

an individual is an unauthorized immigrant, in order to improve upon the identification strategy 

used in the difference-in-differences model. 

In addition, I also examine the effects of DACA on schooling and health insurance 

coverage for DREAMers. Education and work are close substitutes; hence it is possible that DACA 

might have shifted DREAMers out of schooling and into the labor force. However, by expanding 

the labor opportunities available to DREAMers, DACA might also encourage them to pursue 

higher education or additional qualifications.5 Healthcare is also an important issue to consider, 

given how the U.S. has the largest proportion of uninsured in the developed world, as well as some 

of the highest healthcare costs. Even though DACA recipients do not qualify for the Medicaid 

expansion, are not subject to the individual mandate to purchase health insurance and are not 

eligible to participate in the insurance exchanges established under the Affordable Care Act,6 they 

are able to receive health insurance through their employers, hence DACA can improve health 

                                                
5 Of course, DACA might also push unauthorized immigrants who do not possess the necessary educational 
qualifications for DACA back into education in order to become eligible for DACA; however, this is beyond the 
scope of this paper. 
6 https://ccf.georgetown.edu/2014/04/11/for-daca-youth-health-insurance-is-only-a-dream/ 
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insurance coverage and health outcomes among DREAMers by allowing them access to jobs that 

provide them insurance. Also, states may elect to allow low-income DACA recipients to 

participate in state-based and -funded Medicaid programs, and several, such as California and New 

York, home to 27 and five percent of DACA recipients, respectively, have done so, thereby 

potentially increasing health insurance coverage among the DREAMer population. 

I find that DACA has had large and significant effects on the labor market outcomes of 

DREAMers. In my preferred specification, DACA has increased the likelihood of a DREAMer 

working by 12.7 percentage points. This effect arises through two pathways: I estimate that DACA 

has shifted about 10 percent of the total estimated DREAMer population, or approximately 

160,000 individuals, into the labor force and employment, while also decreasing unemployment 

among DREAMers by about 3.8 percentage points, from a pre-DACA level of 11.6 percent. 

I also find that DACA has raised incomes among the DREAMer population, with the 

greatest increases, of about 33% relative to the pre-DACA subsample mean, for DREAMers in the 

bottom half of the income distribution. My estimates for these labor market outcomes are about 

2.5 to 3.5 times larger than Pope’s (2016), which I attribute to downward bias in his results due to 

measurement error in determining DACA eligibility associated with immigration status. I examine 

the effect of DACA on hourly wage rates, but do not find any significant effect; however, this may 

be explained by the presence of a strong, negative differential pre-trend in the data. Also, I report 

that DACA has also increased the rate of health insurance coverage among DREAMers, by 8.5 

percentage points from a pre-DACA level of 48 percent; however, I do not find any significant 

effects on school attendance. 

I also observe that the effects and benefits of DACA are unequally distributed, and vary 

both by gender and across the income distribution. I find that DACA reduced unemployment 
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among male DREAMers by 4.9 percentage points, but had no effect on female DREAMers; on the 

other hand, DACA increased the labor force participation of female DREAMers by 13.8 

percentage points, compared to 7.7 percentage points for male DREAMers. Also, I report that 

individuals with lower incomes benefit the most from DACA, with larger increases in the 

likelihood of working, labor force participation, health insurance coverage and income as a result 

of DACA.  

The remainder of this paper proceeds as follows. Section 2 provides a brief overview of 

DACA, the eligibility criteria for the program and some statistics regarding DACA applications. 

Section 3 discusses prior studies on DREAMers and how they have benefited from DACA. Section 

4 provides a simple conceptual framework for understanding the results. Section 5 outlines the 

difference-in-differences and identification strategies used with the data sources for this paper, 

which are described in Section 6. Section 7 presents the results of the analysis and Section 8 

concludes. 

 

2. Deferred Action for Childhood Arrivals 

 As discussed in the introduction of this paper, DACA was introduced by the Obama 

administration in June 2012, and allowed unauthorized immigrants who met specific eligibility 

criteria (also known as DREAMers) to apply for two-year, renewable periods of deferred action 

from deportation and work authorization. Following the announcement, the Department of 

Homeland Security began taking applications from DREAMers in August 2012. The application 

comprised two forms and a worksheet, as well as a $465 processing fee, and applicants had to 

provide substantial documentation to U.S. Customs and Immigration Services (USCIS) showing 
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that they met the various criteria for DACA. Despite the onerous application process, over 90% of 

applications were approved by USCIS. Applications for renewal of DACA follow a similar process. 

 In order to be eligible for DACA, unauthorized immigrants have to meet the following 

seven criteria: they have to (1) have had no lawful status (i.e. be unauthorized) on June 15, 2012; 

(2) had come to the U.S. before their 16th birthday; (3) be under the age of 31 as of June 15, 2012; 

(4) have continuously resided in the U.S. since June 15, 2007 (i.e. for at least 5 years up to the time 

of application); (5) had been physically present in the U.S. on June 15, 2012 and at time of filing 

their application for DACA; (6) be currently in school, or graduated from high school, or obtained 

a General Education Development (GED) certificate, or be an honorably discharged Armed Forces 

or Coast Guard veteran; and (7) not have been convicted of a felony, significant misdemeanor or 

three or more other misdemeanors and “not otherwise pose a threat to national security or public 

safety”.7 Also, unauthorized immigrants have to be at least 15 years old to apply for DACA. 

 Figure 1 shows the number of DACA applications approved each year since the program 

began in 2012, split into new approvals and renewals (dark grey and light grey bars, respectively). 

We can see that the bulk of new applications were approved in late 2012 and 2013, suggesting that 

most DACA-eligible individuals applied soon after the program was announced. Figure 1 also 

shows the cumulative number of new DACA approvals (black line, on right axis) from 2012 to 

2018; as of January 2018, there have been over 900,000 DACA applications approved, out of an 

estimated DREAMer population of 1.5–2 million (Batalova et al., 2014). 

 The Migration Policy Institute, a Washington D.C.-based think tank, estimated using data 

from the ACS that in 2014 there were over 2.1 million unauthorized immigrants who met the age 

and residency requirements of DACA (i.e. requirements (1) to (4) above), and hence were 

                                                
7 https://www.uscis.gov/archive/consideration-deferred-action-childhood-arrivals-daca  
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potentially DACA-eligible. Of these 2.1 million, approximately 1.2 million were considered 

immediately eligible for DACA in 2012 since they met the education requirement (6) as well (the 

ACS does not collect data on criminal activity or veteran status). The remaining 900,000 are 

potentially eligible: about half meet all the DACA requirements except the education requirement 

(6), while the other half were children under 15 who could qualify and apply for DACA after they 

turned 15; the authors of the study estimate that in this latter group 80,000–90,000 individuals will 

“age into” DACA eligibility every year (Batalova et al., 2014). From these numbers we can see 

that about half of all immediately eligible DREAMers applied for DACA when it was first 

introduced, which is a considerable fraction of the population, especially considering the relatively 

high application fee and the numerous documentation requirements for the application. This 

perhaps suggests the high expected or perceived value of DACA status for these DREAMers. 

 
Figure 1. DACA approvals by year, as of January 31, 2018, split by new applications and renewals (dark and 
light grey bars on left axis, respectively); and cumulative new DACA approvals (black line, right axis). Data 
from U.S. Citizenship and Immigration Services. 
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 Also, USCIS provides some information about the demographics of DACA recipients:  

78 percent of all DACA recipients were born in Mexico and a further 16 percent in Central or 

South America,8 which lines up somewhat broadly with the demographics of the undocumented 

population of the United States as a whole. The Department of Homeland Security’s Office of 

Immigration Statistics estimates that 55 percent of all undocumented immigrants were born in 

Mexico, and 27 percent in Central or South America (Baker, 2014). Twenty-seven percent of 

DACA recipients reside in California, 16 percent in Texas and 5 percent each in New York and 

Florida, which is also similar to the distribution of unauthorized immigrants in the country as a 

whole. 

  

3. Literature Review 

 There have been several studies on the effects of DACA on DREAMers and unauthorized 

immigrants; however, they are all limited by the relatively short time period for which DACA has 

been in effect, as well as the availability of data, especially pertaining to immigration status and 

identifying DACA recipients. Most surveys (understandably) do not ask for immigration status, 

and those that do are limited by small sample sizes that make any analysis difficult. 

 Gonzales and co-workers (2014) surveyed 2,381 DACA recipients recruited through 

immigrant service agencies, schools, churches, law offices and community organizations, and 

found that 45 percent of survey respondents reported increased earnings after receiving DACA 

status. They also report that 57 percent of respondents have obtained driver’s licenses, 49 percent 

have opened bank accounts, and 21 percent have obtained health insurance coverage post-DACA 

(Gonzales and Bautista-Chavez, 2014; Gonzales et al., 2014). In a similar vein, Wong and  

                                                
8 https://www.uscis.gov/sites/default/files/USCIS/Resources/Reports%20and%20Studies/Immigration%20Forms 
%20Data/All%20Form%20Types/DACA/DACA_FY18_Q1_Data_plus_Jan_18.pdf 
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co-workers (2017) conducted an online survey of 3,063 DACA recipients and found that 69 

percent of respondents moved to a higher-paying job, and the average hourly wage of respondents 

aged 25 and older increased by 84 percent since receiving DACA (Wong et al., 2017). However, 

these two surveys are largely descriptive, suffer from small sample sizes, lack control groups and 

do not demonstrate causal inference. 

 Amuedo-Dorantes and Antman (2017) use data from the Current Population Survey (CPS) 

to estimate the effects of DACA on schooling and labor market decisions of DREAMers. They 

utilize a difference-in-differences strategy based on the eligibility cutoffs for DACA in order to 

identify their control and treatment groups, and they find that DACA reduced the probability of 

school enrollment for eligible individuals and increased the probability of working; i.e. DACA has 

shifted DREAMers from education into labor. However, their study is limited by the small sample 

size of the CPS; their DACA-eligible treatment group contains only 461 observations. Furthermore, 

the CPS does not include questions about immigration status; instead, the authors restrict the CPS 

sample to only noncitizens between the ages of 18 and 24 with a high school diploma or GED. 

 In a related work, Ameudo-Dorantes and Antman (2016) use the 2009–11 and 2013–14 

ACS to examine the effect of DACA on poverty among unauthorized immigrants. Again, they use 

a difference-in-differences approach based on the eligibility criteria for DACA, and they find that 

DACA has reduced the likelihood of living in poverty by 38 percent. The sample sizes for the ACS 

are significantly larger, hence the authors are able to obtain about 3,500 observations, including 

1,490 who are potentially DACA-eligible. As discussed above, the ACS also does not ask about 

immigration status, hence to get around this issue the authors restrict their sample to noncitizens 

aged 27–34 who were born in Mexico, since Mexicans make up the largest subset of DACA 
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recipients. Furthermore, the authors claim ethnicity and citizenship are good predictors of the legal 

status of migrants (Amuedo-Dorantes and Antman, 2016). 

 Hsin and Ortega (2017) also investigate the effect of DACA on the education–labor choice 

of undocumented immigrants, using a data set of students in a large university system that contains 

information about the legal status of its students, which the university collects as it allows 

undocumented immigrants to qualify for in-state tuition if they provide a notarized affidavit 

attesting to their unauthorized status. This therefore addresses one of the main challenges other 

studies have faced in trying to identify DACA-eligible individuals. Hsin and Ortega use a 

difference-in-differences strategy, placing citizens and legal immigrants in the control group and 

all unauthorized immigrants in the intent-to-treat group, and find that DACA increased the dropout 

rates of undocumented students enrolled in 4-year colleges by 7.3 percentage points, but did not 

have an effect on dropout rates of undocumented students enrolled in 2-year community colleges. 

Instead, DACA decreased the probability of full-time attendance in community colleges by  

5.5 percentage points. Their results therefore show that DACA may have shifted DREAMers from 

schooling into employment, suggesting that some unauthorized immigrants might have chosen 

education over the precarious nature of working without proper authorization, and that DACA has 

eliminated some of the labor market frictions faced by DREAMers, leading them to enter the 

workforce. 

 This paper is closest to work by Pope (2016), which uses data from the 2005 to 2014 waves 

of the ACS to investigate the effects of DACA on the employment and education of  

DACA-eligible individuals. Pope utilizes a difference-in-differences strategy based on the 

eligibility criteria for DACA and finds that DACA increased the probability of working by  

3.7–4.8 percentage points and the average number of hours worked per week by 0.9–1.7 hours 
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among the DACA-eligible population. He also finds an increase in labor force participation and 

decrease in unemployment, as well as an increase in income among DACA-eligible individuals in 

the bottom half of the income distribution of the sample. However, Pope finds no effect on the 

likelihood of attending school, which stands in contrast to the results from Amuedo-Dorantes and 

Antman and Hsin and Ortega. Pope’s study is significant since it takes advantage of the size of the 

ACS to construct a much larger sample (N = 400,000, of which about 100,000 are identified as 

DACA-eligible) than other studies.  

However, there are some issues associated with the design of his paper. Most importantly, 

the ACS does not collect information regarding immigration status, only asking whether 

respondents are citizens or noncitizens. Pope includes all noncitizens aged 18 to 35 who meet the 

educational requirements for DACA in his sample, hence the sample is contaminated with legal 

immigrants and noncitizens, such as F-1 and H-1B visa holders, and green card holders.9 Pope 

acknowledges this issue in his work and asserts that this merely would bias the difference-in-

differences estimate downward. But this necessarily assumes that the legal immigrants are roughly 

equally distributed between the control and the intent-to-treat groups. Also, if this were not the 

case, which is highly likely given that foreign students and work permit holders tend to come to 

the U.S. later and have remained in the country for a shorter period than DREAMers, making them 

less likely to meet the eligibility criteria for DACA, then the parallel trend assumption between 

the two groups required for the validity of the difference-in-differences estimates might not hold 

as well. Furthermore, Pope only has two years of post-DACA data, and thus might not be able to 

capture the full effects on DACA on employment or various labor market outcomes. 

                                                
9 For example, about 11% of his sample is born in India and 7% is born in China — two countries which make up 
0.4% and 0.1%, respectively, of the population of DACA recipients, but 51% and 9.7% of H-1B recipients. 
(http://www.pewresearch.org/fact-tank/2017/04/27/key-facts-about-the-u-s-h-1b-visa-program/)  
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 An interesting theoretical study of the effects of DACA on the broader U.S. economy is by 

Ortega et al. (2018), which constructs a general-equilibrium model of the U.S. economy and allows 

for shifts between work, education and unemployment for DREAMers benefiting from DACA. 

The authors calibrate the model using data from an extract of the 2012 ACS containing imputed 

data on the immigration status of respondents, and find that DACA increased U.S. GDP by 

approximately $3.5 billion, or 0.02 percent, in the five years after its introduction in June 2012, 

corresponding to an increase of about $7,500 per employed DACA recipient. Their model also 

predicts that DACA increased wages of DACA recipients by approximately 12 percent, with no 

effect on wages of citizens. 

 My contribution is to address several of the issues found in previous studies on the effects 

of DACA on the DREAMer population, namely (i) being restricted to small sample sizes or by the 

short period of time for which DACA has been in effect and (ii) accurately identifying the 

immigration status of respondents in the survey, and therefore constructing an accurate treatment 

or intent-to-treat group. I use data from the 2005 to 2016 waves of the ACS, giving me a 

comprehensive data set with over 750,000 observations, including 120,000 potentially DACA-

eligible individuals, capturing the vast majority of DACA applicants (as seen from the application 

data in Figure 1). Most importantly, I use data from the SIPP in order to predict the likelihood that 

an individual is undocumented, and then estimate a two-stage model using the ACS data, which 

addresses the concerns raised with Pope’s identification strategy above. This approach is also 

arguably superior to and more comprehensive than the other papers that restrict their samples to 

Mexican noncitizens10 in order to address the issue of identifying the undocumented, DACA-

eligible population.  

  
                                                
10 Fifty-five percent of all unauthorized immigrants and 78 percent of DACA recipients were born in Mexico. 
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4.  Conceptual Framework 

 DACA would affect labor market outcomes for DREAMers primarily through the 

elimination of labor market frictions that they face as a result of their undocumented status. 

Currently, unauthorized immigrants face significant obstacles to employment — the Immigration 

Reform and Control Act of 1986 made it illegal for employers to knowingly recruit or hire 

unauthorized immigrants,11 and 20 states mandate the use of E-Verify, an online tool for checking 

employees’ immigration status against data from the Department of Homeland Security, for some, 

if not all employers, and legislation has been introduced in Congress to mandate the use of E-

Verify for all employers.12 Therefore, undocumented immigrants are often restricted to employers 

who are willing to overlook their illegal status, and we would thus expect undocumented 

immigrants to face higher rates of unemployment and underemployment, as well as lower wages. 

This is borne out in the empirical data — for example, Hall et al. (2010) find that undocumented 

Mexican immigrants earn 17 percent less than legal ones. 

 Unauthorized immigrants also face other frictions and barriers in the labor market. Without 

documentation, they are unable to obtain bank accounts or driver’s licenses, and they live in 

constant fear of deportation. This therefore further restricts access to jobs and labor mobility 

among the DREAMer population. 

 DACA reduces or eliminates entirely these labor market frictions by its provision of work 

authorization and temporary legal status to DREAMers. This therefore increases significantly the 

range and number of jobs for which DACA recipients are able to apply. As a result, we would 

expect DACA to reduce unemployment and underemployment among its recipients. Also, DACA 

should increase incomes among DREAMers, as more of them are employed and as they can now 

                                                
11 https://www.congress.gov/bill/99th-congress/senate-bill/1200 
12 http://www.ncsl.org/research/immigration/everify-faq.aspx 
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move to more high-paying jobs that they previously would not have been qualified for. By allowing 

its recipients to apply for bank accounts and driver’s licenses, DACA also further improves labor 

mobility among the DREAMer population. We can see that DREAMers appear to be aware of 

these economic benefits of (even temporary) documented status, given the high application rate 

for the program in spite of the onerous documentation requirements and application process as 

well as the relatively expensive $465 application fee. This suggests that DREAMers foresee some 

economic benefit to the temporary protections afforded by DACA, presumably in terms of 

improved employment prospects and higher wages. 

 It is important to recognize that DACA does not necessarily shift the labor supply curve 

for DREAMers, instead increasing employment by reducing the significant frictions faced by 

DREAMers in the labor market. This results in an increase in the quantity of labor supplied in the 

broader labor market, as employers are now willing and able to hire these individuals. As a result, 

overall wages may fall; however, the numbers of DACA recipients are much smaller than the total 

U.S. workforce. There are 900,000 DACA recipients out of a total U.S. labor force of 155 million; 

I estimate that DACA has shifted 160,000 individuals into the labor force and a further 50,000 out 

of unemployment, while 10 million jobs were created in the U.S. between 2013 to 201613 . 

Therefore, the general equilibrium effects of DACA on wages should be minimal at best, 

especially compared to the benefits gained by DREAMers through the elimination of obstacles to 

employment. This is consistent with what has been modeled by Ortega et al. (2018), who find that 

DACA raised the wages of DREAMers by 12 percent but had no effect on the wages of citizens. 

 Work and education are often substitutes for each other, and DACA can have two 

competing effects on schooling among the DREAMer population. DACA can decrease school 

                                                
13 Data from Bureau of Labor Statistics data series LNS11000000 and CES0000000001. 
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attendance amongst DREAMers, as some may have chosen to attend school since they were unable 

to find employment because of their lack of legal status. Although DACA would not have shifted 

labor supply preferences, the increase in labor market opportunities and reduced risk of deportation 

associated with participating in the labor market would alter the return to working relative to the 

value of education. Therefore, DACA may have caused DREAMers to leave school and rejoin the 

workforce. However, DACA might also increase school attendance among the DACA-eligible 

population, as the additional employment opportunities afforded by the work authorization could 

encourage DREAMers to invest in higher education and their human capital. Therefore, it is also 

of interest to see which of these effects is greater. 

 

5. Empirical Strategy 

 I utilize a difference-in-differences (DID) strategy similar to the one used by Pope (2016) 

in order to estimate the effects of DACA on the DREAMer population. DACA has certain specific 

and strict eligibility criteria, hence by comparing the differences in outcomes between the  

DACA-eligible and -ineligible populations both before and after the introduction of DACA in 

2012, I am able to estimate the effect of DACA on the various labor, education and healthcare 

outcomes of interest. 

 The base DID model is identical to Pope’s (2016), and is as follows: 

!"# = 	&' + &)*+,-./+/0.,"# ∗ *23,4"# + &5*+,-./+/0.,"# + &6*23,4"# + &78"#  

+	&9:"# + ;# +	<= +	<=3 + >"#  (1) 

where Yit is the outcome of interest, and AgeEligibleit is a dummy variable equal to 1 if the 

individual meets the age and age-of-arrival criteria for DACA, the construction of which is 

discussed further in §6.1.1. Afterit is a dummy equal to 1 for year greater than 2012, i.e. after the 
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introduction of DACA,14 Xit is a vector of individual demographic controls (gender, race, ethnicity, 

marital status, level of education, Spanish-speaking household and country of birth) and the state-

level unemployment rate for that year, Wit corresponds to fixed effects for age and age the 

individual entered the U.S., θt and γs are year and state fixed effects, respectively, and γst are state-

specific time trends. The coefficient of interest is β1, the coefficient on the interaction between 

AgeEligibleit and Afterit, i.e. the effect of DACA on the outcome of interest. 

It is important to note that the data from the ACS used to estimate this model does not 

include information about the immigration status of respondents, only collecting information on 

whether an individual is a citizen or not. Ideally, one would estimate the DID model on a sample 

of unauthorized immigrants, with the control group being DACA-ineligible immigrants and the 

intent-to-treat group being DACA-eligible immigrants, in order to obtain an estimate of the 

benefits of the legal status and protections afforded by DACA. However, as discussed in  

Section 3 above, using the ACS data we are only able to estimate this model on a sample of 

noncitizens. As a result, the sample will be contaminated with legal immigrants, such as F-1 and 

H-1B visa holders.  

Therefore, the two groups in this estimation are not DACA-eligible and DACA-ineligible 

unauthorized immigrants, but rather noncitizens who meet the DACA age and age-of-arrival 

criteria (and may or may not actually be eligible for DACA, dependent on whether they possess 

legal status or not) and noncitizens who do not meet the DACA age criteria. Pope (2016) claims 

this will bias the DID estimates toward zero and underestimate the intent-to-treat effect, which is 

likely if legal immigrants are placed in the intent-to-treat group. 

                                                
14 DACA was introduced in June 2012, however applications were only approved from 4Q 2012, and the bulk of 
approvals occurred in 2013. Unfortunately, the ACS does not include more granular time information, hence in this 
model we consider the post-intervention period to be 2013 and beyond. 
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 Furthermore, the DID estimates obtained are intent-to-treat effects, not treatment effects, 

since the DACA eligibility criteria only allow us to identify individuals who potentially qualify 

for DACA, but do not tell us whether they have actually applied for and received deferred action.15 

Since it is estimated that only about 60 percent of the DREAMer population has applied for and 

been granted DACA (Batalova et al., 2014), the magnitudes of the actual treatment effects could 

be as much as 1.6–1.7 times as large as the intent-to-treat effects. Of course, this assumes that there 

are no differences between the DREAMers who apply for DACA and those who do not, which 

might not be a very valid assumption given the onerous application process involved in applying. 

Nevertheless, this issue of selection into DACA would not affect the intent-to-treat effects obtained 

by the DID analysis. 

 In order to address the problem of sample contamination by noncitizens, and obtain more 

accurate estimates of the intent-to-treat effect of DACA, I estimate a two-stage model as follows: 

?@AB3ℎD4/E,F"# = 	 G' + G)8"# + G5*+,"# + G6H/43ℎ_4,+/D@" + B"#  (2) 

!"# = 	&' + &)*+,-./+/0.,"# ∗ ?@AB3ℎD4JE,FK "# ∗ *23,4"# 

+	&5*+,-./+/0.,"# ∗ ?@AB3ℎD4JE,FK "# +	&6*23,4"#  

+	&7?@AB3ℎD4JE,FK "# + &9*+,-./+/0.,"# + &L8"# + &M:"#   

+	;# + <= + <=3 + >"#  (3) 

The first-stage model, equation (2), is a probit model where the dependent variable Unauthorizedit 

is a dummy variable equal to 1 if the individual is an unauthorized immigrant and 0 otherwise. The 

independent variables are the same vector of demographic controls Xit as in equation (1), excluding 

country of birth and state unemployment rate, as well as controls for age (Ageit) and a set of 

                                                
15 The identification strategy is discussed further in §6.1.1. 
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dummies for region of birth (Birth_regioni).16 This model is estimated on a sample of noncitizen 

immigrants from the 2008 SIPP, which is one of the few large, nationally representative surveys 

that collects respondents’ immigration status. 

 The estimated coefficients GNO  obtained from the first stage can be used with the 

demographic information available in the ACS to predict the likelihood that an individual is 

unauthorized,	?@AB3ℎD4JE,FK "#. This method of using a “donor” sample to predict the immigration 

status of individuals in another data set has been commonly used throughout the immigration 

literature (Bachmeier et al., 2014; Capps et al., 2013).  

We then estimate the second stage of the model, equation (3), on the ACS sample. Equation 

(3) is similar to the original DID model specified in equation (1), except that we now interact the 

DACA age and age-of-arrival eligibility dummy AgeEligibleit by the probability that the individual 

in question is undocumented, ?@AB3ℎD4JE,FK "# . The coefficient of interest remains β1, the 

coefficient of the interaction term *+,-./+/0.,"# ∗ ?@AB3ℎD4JE,FK "# ∗ *23,4"# . However, the 

interpretation of the interaction term is different: the interaction variable *+,-./+/0.,"# ∗

?@AB3ℎD4JE,FK "# is now an indicator for actual DACA eligibility. A one-unit shift in the variable 

?@AB3ℎD4JE,FK "# corresponds to a shift in the probability of being an unauthorized immigrant from 

zero to one, and DACA eligibility requires one to meet the age and age-of-arrival requirements as 

well as to be unauthorized. Hence, the coefficient on the interaction *+,-./+/0.,"# ∗

?@AB3ℎD4JE,FK "# ∗ *23,4"# corresponds to the effect of DACA on the DACA-eligible population. 

This therefore addresses the point raised above regarding the contamination of the sample 

by legal immigrants to an extent — even though the sample will still contain legal immigrants, 

some of whom meet the age and age-of-arrival criteria for DACA, they would no longer be 

                                                
16 Unlike the ACS, the SIPP only provides information regarding general birth regions, not specific birth countries. 
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included in the intent-to-treat group. As a result, the DID coefficient should no longer be biased 

toward zero and provide a more accurate estimate of the intent-to-treat effect of DACA on the 

DREAMer population. The sample construction for both the initial DID model and the two-stage 

DID model is discussed further in Section 6 below. 

 

6. Data Description 

6.1. American Community Survey 

 The American Community Survey (ACS) is a monthly, rolling sample of households in the 

U.S. administered by the U.S. Census Bureau, which is designed to replace the “long form” portion 

of the decennial U.S. census. The ACS samples roughly 295,000 households a month (242,000 

from 2005–11), giving an annual sample of approximately 3.54 million households (2.9 million 

from 2005–11), i.e. an annual 1 percent sample of the U.S. population beginning in 2005.17, 18 The 

ACS is the largest household survey conducted by the Census Bureau, and collects detailed 

information on demographics, education, labor outcomes and housing. 

 The sampling unit of the ACS is the household and all persons living in that household. 

Every month, the Census Bureau draws a systematic random sample of households from addresses 

in its Master Address File, representing each U.S. county or county equivalent, with areas of 

smaller populations being oversampled. The survey is mailed to the selected households at the 

beginning of each month, and nonrespondents are contacted via telephone for a phone interview a 

month later. A systematic sample of a third of the nonrespondents to both the mail survey and 

telephone interview is then drawn a month later, and this sample is then interviewed in-person. 

                                                
17 https://www2.census.gov/programs-
surveys/acs/methodology/design_and_methodology/acs_design_methodology_report_2014.pdf 
18 The ACS surveyed between 740,000 to 900,000 households annual from 2000 to 2004, i.e. approximately a 1-in-
250 sample of the population. 
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 The ACS covers almost 99 percent of all housing units in the United States,19 and the 

Census Bureau reports that from 2005 to 2016, 62.2– 68.2% of households selected for the sample 

each year completed the survey, with a response rate of 89.9–98.0% for households selected for 

an in-person interview.20 Given that the ACS covers effectively all the housing within the United 

States, and that samples are drawn systematically from the sampling frame, there is no reason to 

believe that unauthorized immigrants are under- or overrepresented in the ACS data, or that certain 

groups of unauthorized immigrants are more likely to be surveyed than others. Furthermore, like 

the U.S. Census, the ACS is conducted “without regard to legal status or citizenship,” 21 hence we 

do not expect any differences in the survey or response rates of unauthorized immigrants compared 

to the rest of the population. The high response rates for the ACS also support the claim that the 

data in the ACS contains a representative sample of the unauthorized immigrant population of the 

U.S. In addition, Pope (2016) analyzes survey completion and individual-item response rates in 

the ACS data, and shows that neither immigration status nor DACA affected the completion and 

response rates in the data. 

 In this paper I use individual-level data from the 2005 to 2016 ACS surveys; with 2005 

being the first year with a 1 percent sample of the population and 2016 being the latest sample 

available. This gives me eight years of data before the introduction of DACA22 and four years 

post-DACA. I restrict my sample to noncitizens aged 18–35 with at least a high school degree, 

since the oldest group of DREAMers in 2012 (those who turn 31 just after June 15, 2012) would 

be 35 by the time of the 2016 ACS survey. Ideally, the sample would be restricted to unauthorized 

                                                
19 https://www.census.gov/acs/www/methodology/sample-size-and-data-quality/coverage-rates/ 
20 https://www.census.gov/acs/www/methodology/sample-size-and-data-quality/sample-size/ and 
https://www.census.gov/acs/www/methodology/sample-size-and-data-quality/response-rates/index.php 
21 See note 17, p. 64. 
22 I count 2012 as part of the pre-DACA period; even though DACA was announced in June 2012, DHS did not 
begin taking applications until September and the first approvals were only received in 4Q 2012. Also, although the 
ACS is administered monthly, results are not broken down nor identified by month, only by year.  
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immigrants, as discussed in Section 5, but the ACS does not collect information on immigration 

status. The following subsection explains how I determine the control and intent-to-treat groups in 

this sample. 

 

6.1.1. Identification Strategy 

 I utilize Pope’s (2016) identification strategy in constructing the control and intent-to-treat 

groups in the ACS sample. The ACS collects detailed demographic information which can be used 

to determine if an individual meets the age and age-of-arrival criteria for DACA or not. DACA 

requires that an individual is under the age of 31 on June 15, 2012; the ACS does not provide exact 

dates of birth, only birth quarter and year, hence I consider individuals under 31 as of June 30 of a 

survey year to meet that eligibility criterion.23 DACA also requires an individual to have come to 

the U.S. before their 16th birthday and to have resided in the U.S. since June 15, 2007 (i.e. for at 

least five years); the ACS asks noncitizens how long they have resided in the country, so I can use 

this information together with a respondent’s age to calculate the age at which they arrived in the 

U.S. (to the nearest year), and determine whether they meet these two criteria. 

 Another requirement for DACA is for a recipient to either be currently in school or to 

possess a high school degree or its equivalent. The ACS collects respondents’ educational 

attainment; hence I restrict my sample to all noncitizens who have a high school degree or 

equivalent. However, this does exclude individuals who are still completing high school or a GED, 

as well as those who have been honorably discharged from the armed forces, from the sample. 

There are probably few DREAMers who fall in the latter group; however, the numbers in the 

former group might be substantial. That said, this essay focuses on labor market outcomes of 

                                                
23 That is, all individuals 30 and under, as well as those aged 31 but born in the second half of the year. 
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DREAMers, and I expect that those still in high school would not also be working, nor would they 

be likely to move out of education and into work. 

 The information available in the ACS does not allow me to verify all the eligibility criteria 

for DACA. Most importantly, I cannot know if an individual is a legal or an unauthorized 

immigrant. Also, I do not have any information on individuals’ criminal records (DACA requires 

that individuals have not been convicted of a felony or serious misdemeanor) nor on their military 

service. Nor is there information on whether individuals have left the U.S. and returned since 

coming to the country. However, I believe that these three criteria would only apply to, or exclude, 

a very small minority of DREAMers, and should not have any significant effect on the  

DID estimates. 

 Therefore, the three criteria from the ACS that I use to determine whether an individual is 

potentially eligible for DACA or not are (i) being under the age of 31 as of June 30 of the survey 

year; (ii) having come to the U.S. before age 16; and (iii) having resided in the U.S. for at least 

five years. I therefore use these criteria to construct the control or intent-to-treat groups for the 

difference-in-differences estimation: If an individual meets all 3 criteria, and therefore is 

potentially a DREAMer (which is ultimately dependent on immigration status, which we do not 

know), I set the variable AgeEligibleit equal to 1. If not, the eligibility variable is set to 0. We can 

also see that this appears similar to a regression discontinuity design, and in Appendix I, I estimate 

models on various subsamples based on only criteria (i) and (ii) separately. The following 

subsection discusses the outcome variables I examine and gives the summary statistics for the two 

groups in the sample. 
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6.1.2. Outcome Variables 

 There are four main outcomes of interest in this paper, namely employment, income, 

schooling and health insurance coverage. Employment can be measured in several ways: whether 

an individual is in the labor force, and if so, whether they are employed or not; as well as the 

amount an individual works as measured in hours worked per week. The ACS provides a dummy 

variable for labor force participation, as well as a categorical variable for whether an individual is 

employed, unemployed or not in the labor force, which I recode as binary variables for 

employment and unemployment. Additionally, the ACS data also contains another binary variable 

for whether an individual has worked in the past year. These four variables therefore can show 

whether DACA has shifted DREAMers into the labor force, as well as from unemployment into 

employment. The ACS also contains a variable on the average number of hours worked per week, 

as well as a dummy for whether an individual is self-employed; these provide further information 

as to if and how DACA has affected or changed the nature of work performed by DREAMers. 

 In order to measure the effect of DACA on wages, I look at three income variables: total 

personal income, total wage income and the hourly wage rage. The first two variables are given 

directly in the ACS and report respondents’ total pre-tax income in the 12 months prior to the 

survey; the former records income from all sources while the latter records wage and salary income. 

I find similar results regardless of measure chosen, hence for the remainder of this paper I use total 

income as the variable of interest; results using wage income are available in Appendix II. The 

hourly wage rate can be constructed from three variables available in the ACS, from dividing total 

wage income by the product of average hours worked per week and the number of weeks worked 

in the past 12 months. The resulting values are then trimmed to remove any extreme outliers (wage 

rates of less than $4/hour and greater than $250/hour), and in my analysis I also exclude individuals 
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who worked for less than half a year (under 26 weeks) in the preceding 12-month period. 

Examining changes in wage rates can provide information on whether DACA has allowed 

DREAMers to move to better jobs. 

 As for schooling and health insurance coverage, I use the indicator variables for school 

attendance and being covered by health insurance available in the ACS. The frame of reference 

for school attendance for the ACS is within the past three months of the survey being administered, 

and schooling is defined as attending a nursery school, kindergarten, elementary school and any 

schooling leading toward a high school diploma or college degree. The ACS began including 

questions regarding health insurance coverage starting from 2008, hence for that variable we have 

five years of pre-DACA information and four years post-DACA. An individual is defined to have 

health insurance if he is covered by any type of health insurance, e.g. from an employer, from 

Medicare or Medicaid, or self-purchased insurance.  

 

6.1.3. Summary Statistics 

Table 1 on the following page reports the summary statistics from the ACS 2005–2016 

data, restricted to individuals aged 18 to 35 with at least a high school degree, and split between 

individuals identified as meeting the DACA age and age-of-arrival criteria as defined in §6.1.1 

(and who therefore are potentially DREAMers, dependent on immigration status which is 

unobserved) and individuals who do not meet the criteria. In total there are 528,296 observations 

in this sample, corresponding to about 44,000 observations per year, with 120,839 or 23% being 

age-eligible and the remaining 407,457 or 77% ineligible. 

 We can see from Table 1 that the individuals who meet the age criteria for DACA are, on 

average, younger, entered the U.S. at a younger age and have spent more time in the country than  
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the ineligible group. They are also significantly more likely to be of Hispanic ethnicity, speak 

Spanish at home and to have been born in Latin America. However some, if not most, of this 

difference is probably due to contamination of the sample by lawful immigrants, who tend to come 

 Mean   

Variable DACA  
Age-Eligible 

DACA  
Age-Ineligible Difference t-statistic 

Outcome variables     
Working 66.2 66.1 0.1 0.2 
Worked in past year 75.7 73.4 2.4 6.4 
Hours worked per week 27.3 28.3 -1.0 -6.4 
Self-employed 3.9 5.2 -1.4 -13.8 
Unemployed 8.2 5.2 3.0 17.6 
In labor force 74.4 71.4 3.0 9.2 
     
Total income 16,189 25,002 -8,812.1 -31.9 
Total wage income 15,149 23,340 -8,190.7 -30.6 
Hourly wage 14.10 19.64 -5.54 -27.6 
Attending school 31.8 22.1 9.7 27.0 
Has health insurance† 51.5 62.7 -11.2 -18.1 
     
Demographics     
Age 24.0 28.7 -4.7 -152.4 
Years in U.S. 15.7 6.3 9.3 129.4 
Age entered U.S. 8.3 22.3 -14.0 -248.1 
     
Male 52.6 51.7 1.0 4.4 
Married 24.0 51.0 -27.0 -96.2 
White 50.3 42.7 7.6 9.7 
Black 9.3 9.2 0.1 0.2 
Asian 14.2 32.2 -18.0 -27.9 
Hispanic 66.2 40.8 25.4 22.9 
Speaks Spanish at home 58.3 37.2 21.1 14.5 
Born in Latin America 73.1 46.0 27.0 31.9 
     
High school degree 49.5 36.2 13.3 33.7 
Some college 40.3 25.4 15.0 47.4 
College degree 10.2 38.5 -28.3 -66.9 
Observations 120,839 407,457   
Percent 22.8% 77.2%   

 

Table 1. Summary statistics. 
  
Sample consists of noncitizens in ACS 2005–2016 aged 18–35 with at least a high school degree (N = 
528,296). Binary variables are given in percentage terms. t-statistics are calculated using robust standard errors 
clustered at the state-year level. Observations are weighted using person weights in the ACS. 
† The ACS only began collecting information on health insurance from 2008; for that variable there are 92,884 
observations in the DACA-eligible group and 303,107 in the ineligible group.  
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from countries such as India and China and who are more likely to be ineligible for DACA,24 while 

most of the unauthorized immigrant population is from Mexico and Latin America. The DACA 

age-eligible population is also relatively less educated than the ineligible population, but this might 

also be suggestive of sample contamination by F-1 and H-1B visa holders. 

 Examining the outcome variables, we see that the two groups have similar rates of working 

and labor force participation; however, the DACA age-eligible group is more likely to be 

unemployed and uninsured than the ineligible group. Also, the DACA age-eligible group has 

significantly lower incomes, on average, than the DACA-ineligible group; however, this again 

might be due to sample contamination by H-1B visa holders and other lawful immigrants.  

 

6.2. Survey of Income and Program Participation 

 In order to address the problem of legal immigrants being present in the sample, and 

specifically in the intent-to-treat and potentially DACA-eligible group, I use data from the second 

wave of the Survey of Income and Program Participation (SIPP) 2008 to estimate a first-stage 

model based on certain demographic parameters that predicts the likelihood of a noncitizen being 

an unauthorized immigrant, as discussed in Section 5. 

 The Survey of Income and Program Participation is a longitudinal survey of American 

households, carried out over a period of two-and-a-half to four years by the U.S. Census Bureau, 

to collect information regarding income, labor force participation and eligibility for and 

participation in public assistance programs.25 At first glance, it might not be apparent why the SIPP 

is useful for predicting an individual’s legal status. However, the SIPP is actually the only 

nationally representative survey that includes questions regarding immigration history and the 

                                                
24 See Section 3 and note 9. 
25 https://www.census.gov/programs-surveys/sipp/about/sipp-introduction-history.html 
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legal status of noncitizens (Capps et al., 2013), specifically in one of the topical modules found in 

the 2004 and 2008 SIPP. Hence the SIPP has often been used in the immigration literature as a 

“donor” sample in order to predict the immigration status of individuals in other data sets 

(Bachmeier et al., 2014; Capps et al., 2013), especially since the SIPP samples are still relatively 

small, and in this case also because it does not extend to the period when DACA was introduced. 

 Each SIPP panel comprises 14,000 to 52,000 U.S. households, drawn from a stratified 

sample of the U.S. civilian population, and a panel lasts between 2.5 and 4 years. The 2008 SIPP 

contained 52,031 eligible households interviewed over four years.26 Every household in the panel 

is interviewed at four-month intervals, known as waves. Each wave consists of a set of core 

questions relating to income, work and labor force and program participation, as well as a topical 

module specific to that wave. The first, second and sixth waves were conducted in person, with 

interviews for all other waves conducted via telephone.27 The 2008 SIPP had a response rate of 

80.8% at the first wave and 74.2% at the second wave, corresponding to 37,471 households 

interviewed in the second wave.28 

 The second wave of the 2008 SIPP (administered between September 2008 and March 

2009) included a topical module on migration, with questions pertaining to immigration status; I 

use the data in this module as well as the associated core module for this wave to obtain 

demographics about the authorized and unauthorized immigrant populations in the United States. 

In this wave, all respondents not born in the U.S. were asked about their citizenship status as well 

as their immigration status upon their entry to the country, i.e. whether they were lawful permanent 

residents or not. Those who did not enter the U.S. as a lawful permanent resident were then asked 

                                                
26 https://www.census.gov/programs-surveys/sipp/methodology/organizing-principles.html 
27 https://www.census.gov/programs-surveys/sipp/methodology/organizing-principles/mode-of-data-collection.html 
28 https://www2.census.gov/programs-surveys/sipp/tech-documentation/complete-documents/2008/sipp-2008-panel-
wave-02-nonresponse-bias-analysis-alys-13.pdf 
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if they had adjusted to lawful status since entering the country. Therefore, even though the survey 

does not directly ask if one is an unauthorized immigrant or not, I can infer that noncitizens who 

did not enter with lawful status and who have not obtained permanent residency are unauthorized 

immigrants.29 

 Table 2 above reports the summary statistics for the demographics of the sample from the 

second wave of the 2008 SIPP, restricted to noncitizens aged 18 to 40 and separated by 

immigration status as inferred from their responses to the migration module. This sample contains 

2,138 individuals, of which 764 (35.7%) are inferred to be unauthorized immigrants and the 

remaining 1,375 (64.3%) are legal immigrants. From the data we can see that unauthorized 

immigrants are more likely to be male, Hispanic, Spanish-speaking and born in Latin America, 

which is consistent with what we know about the unauthorized population in the United States 

                                                
29 It is possible that this group will also encompass a small number of legal, temporary nonimmigrants, such as 
students or temporary workers. 

 Mean   
Variable Unauthorized Authorized Difference t-statistic 
Age 29.1 30.3 -1.3 -3.0 
Male 56.2 49.3 6.8 2.5 
Married 49.8 56.9 -7.0 -2.6 
White 69.1 61.1 8.0 2.3 
Black 9.6 13.9 -4.3 -1.5 
Asian 18.5 22.1 -3.5 -1.0 
Hispanic 56.6 39.4 17.2 4.1 
Speaks Spanish at home 56.4 44.1 12.2 3.3 
Born in Latin America 67.2 55.1 12.1 2.5 
High school degree 50.1 37.9 12.2 4.0 
Some college 10.2 17.2 -6.9 -3.9 
College degree 39.7 44.9 -5.3 -2.6 
Observations 764 1,374   
Percentage 35.7% 64.3%   

 

Table 2. Summary statistics. 
  
Sample consists of noncitizens in the second wave of SIPP 2008 aged 18–40 with at least a high school degree 
(N = 2,138). Binary variables are given in percentage terms. t-statistics are calculated using robust standard 
errors clustered at the state level. Observations are weighted using person weights in the SIPP. 
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(Baker, 2014). Unauthorized immigrants are also on average less educated than their authorized 

peers. I use these demographics to estimate a probit model for the probability that a noncitizen is 

an unauthorized immigrant. 

 

7. Results and Discussion 

7.1. Graphical Results 

 I first begin the difference-in-differences analysis using a straightforward, graphical 

method, plotting the differences between the means of the outcome variables for individuals in the 

ACS who meet the age criteria for DACA (i.e. are potentially DREAMers) versus those who do 

not, without any demographic controls or other fixed effects. This can show us if DACA has had 

any effect on these variables — if so, we expect to see a change in the differences of the means 

from 2013 onward. This graphical approach also checks for any sort of differential pre-trends 

between the two groups which might render the DID estimates invalid, if the parallel trend 

assumption required for DID does not hold. Figures 2 to 5 on the following pages show the graphs 

of these outcome variables. 

 Figure 2 on page 32 shows the difference in means between the two groups for three 

variables associated with working: (a) whether an individual is working or not, (b) whether the 

individual worked in the past year and (c) the average number of hours worked in the past week. 

We can see that prior to the introduction of DACA in June 2012 (the shaded area on the graph), 

the difference in the means of the two groups is relatively constant, suggesting that the parallel 

trend hypothesis required for the validity of the DID estimates holds. We also see that DACA has 

had a strong effect on all these three outcome variables: in Figure 2(a), DACA appears to have  
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Figure 2. Differences in means of (a) fraction working, (b) fraction worked in the past 12 months and 
(c) average hours worked per week between individuals who meet the age eligibility criteria for DACA 
and who do not. Sample contains all noncitizens in 2005–2016 ACS aged 18–35 with at least a high 
school degree. Vertical bars correspond to 95% confidence intervals, calculated with robust standard 
errors clustered at the state-year level. Observations are weighted using person weights in the ACS. 
The shaded area represents the period in which DACA was introduced. 
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Figure 3. Differences in means of (a) fraction unemployed, (b) labor force participation rate and  
(c) fraction self-employed between individuals who meet the age eligibility criteria for DACA and 
who do not. Sample contains all noncitizens in 2005–2016 ACS aged 18–35 with at least a high school 
degree. Vertical bars correspond to 95% confidence intervals, calculated with robust standard errors 
clustered at the state-year level. Observations are weighted using person weights in the ACS. The 
shaded area represents the period in which DACA was introduced. 
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increased the likelihood of an individual who meets the age and age-of-arrival eligibility criteria 

working by about 6 percentage points relative to an ineligible individual between 2012 and 2014, 

and in Figure 2(c) we see that DACA has increased the average number of hours worked per week 

by about 2.5 hours for DACA age-eligible individuals relative to ineligible ones. Also, we see that 

the differences in means between the two populations has continued to widen in 2015 and 2016, 

even though the bulk of new DACA applications and approvals occurred in 2013–14; which 

suggests that DREAMers continue to experience the benefits of deferred action conferred by 

DACA, and that the effect of DACA has increased over time. 

 Figure 3 on page 33 plots the difference in means for three more labor market outcomes: 

(a) unemployment, (b) labor force participation and (c) the fraction self-employed. The results here 

are mixed — we see in Figure 3(b) that post-DACA the labor force participation rate for  

age-eligible individuals has increased about 5.5 percentage points relative to ineligible individuals 

between 2012 and 2014, which is similar to the results for the likelihood of working. However, 

the results for unemployment appear weaker: DACA appears to have reduced the difference in 

unemployment between the two populations from 2012, but there is a strong upward trend in the 

differences from 2008 to 2012, presumably corresponding to the Great Recession and some 

differential effects between the two groups; hence the decrease in the difference in means post-

2012 might also be due to the subsequent economic recovery. Also, we see no discernible trend or 

effect of DACA on the fraction of individuals who are self-employed.  

Figure 4 on the next page shows the graphs of the differences in the means of total personal 

income and log hourly wage between the two populations. We can see in Figure 4(a) that there 

appears to be a strong downward trend in the differences even pre-DACA, and no significant effect  
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Figure 4. Differences in means of (a) and (b) total personal income and (c) log hourly wage between individuals 
who meet the age eligibility criteria for DACA and who do not. Sample contains (a) all noncitizens in 2005–
2016 ACS aged 18–35 with at least a high school degree, (b) restricted to individuals with total incomes below 
the 90th percentile, and (c) restricted to individuals who worked for at least half of the prior 12-month period. 
Income are in nominal U.S. dollars unadjusted for inflation. Vertical bars correspond to 95% confidence 
intervals, calculated with robust standard errors clustered at the state-year level. Observations are weighted using 
person weights in the ACS. The shaded area represents the period in which DACA was introduced. 
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Figure 5. Differences in means of (a) fraction attending school and (b) fraction with any health 
insurance coverage between individuals who meet the age eligibility criteria for DACA and who do 
not. Sample contains all noncitizens in (a) 2005–2016 ACS and (b) 2008–2016 ACS aged 18–35 with 
at least a high school degree. Vertical bars correspond to 95% confidence intervals, calculated with 
robust standard errors clustered at the state-year level. Observations are weighted using person weights 
in the ACS. The shaded area represents the period in which DACA was introduced. 
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post-DACA; however, this seems to be driven strongly by differences in the top decile of the 

income distribution — when we restrict our sample to the bottom 90 percent of the income 

distribution in Figure 4(b), we see that the differential pre-trend disappears, and that DACA has 

had a strong effect on incomes of those individuals who meet the age and age-of-arrival eligibility 

criteria relative to those who do not. Post-DACA, the difference in mean income between the  

age-eligible and -ineligible groups has decreased by about $1,500 between 2012 and 2014. 

However, this increase in income appears to not have been driven by an increase in hourly wage 

rates — in Figure 4(c) we see a strong negative differential trend in the wage differential between 

the two groups, and no apparent effect from DACA.  

 Figure 5 on the previous page provides the graphical analysis for the effects of DACA on 

schooling and healthcare. The preliminary results in both cases are considerably weaker: in Figure 

5(a), we see that there is a strong negative pre-trend in the differences in school attendance before 

the introduction of DACA, and DACA does not appear to have had much of an effect on school 

attendance from 2013 onward; instead the negative trend continues. In Figure 5(b), we see a similar 

strong negative pre-trend for health insurance coverage; however, in this case DACA appears to 

have reduced the differences in means between the eligible and ineligible populations between 

2013 and 2015 by about 6 percentage points, relative to a base level of 51 percent coverage for the 

intent-to-treat group and 63 percent for the control group. 

   

7.2. Initial Difference-in-Differences Results 

 We can now introduce controls and fixed effects in order to estimate the initial difference-

in-differences model specified in equation (1) in Section 5. The results of this estimation are shown 

in Table 3 on the following page. Each column in Table 3 corresponds to a separate regression for 
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each outcome variable on a sample of noncitizens aged 18 to 35 with at least a college degree in 

the 2005–2016 ACS (2008–2016 for healthcare). The coefficient of interest is the coefficient on 

the interaction term between DACA age-eligibility and the dummy signifying after the 

introduction of DACA, which provides the estimated intent-to-treat effect of DACA on the 

particular outcome variable. 

 From the results in Table 3 we can see that DACA increased the likelihood of an individual 

meeting the age and age-of-arrival criteria for DACA (and who is therefore potentially a 

DREAMer) working by 4.4 percentage points (column 1). With an estimated DREAMer 

population of 1.5 million, this corresponds to approximately 65,000 more DREAMers working as 

a result of DACA. Also, this is an intent-to-treat effect, and since only about 60% of eligible 

DREAMers have applied for DACA, the actual treatment effect could be up to 1.67 times larger, 

i.e. up to 7.3 percentage points.  

The increase in the number of DREAMers working post-DACA can arise from two 

possible pathways. First, DACA might reduce unemployment among DREAMers currently in the 

labor force, by reducing barriers to employment and labor market frictions. In column (4), we 

estimate the effect of DACA on unemployment, and find that the introduction of DACA has led 

to the reduction of unemployment by approximately 1.6 percentage points from a pre-DACA level 

of 11.6 percent, significant at the 1% level, which corresponds to approximately 18,000  

DACA-eligible individuals shifting from unemployment into employment.30 Second, DACA can 

increase the likelihood of work by shifting DREAMers into the labor force, again by reducing or 

eliminating labor market frictions. In column (5) we see that DACA has increased the labor force 

participation rate of the DACA-eligible group by 3.6 percentage points from a pre-DACA 73.8  

                                                
30 I obtain this figure of 18,000 since there are approximately 1.5 million DREAMers, with an LFPR of about 74 
percent (Table 2). 



 39 

Table 3. Difference-in-differences estimates of the effect of DACA on various labor market, education and healthcare outcomes.  
 
Each column corresponds to a separate regression for the corresponding outcome variable by estimating equation (1) on a sample containing noncitizens 
aged 18–35 with at least a college degree in the 2005–2016 ACS (2008–2016 for health insurance coverage). The coefficient of interest is the coefficient 
on the AgeEligible*After interaction term. Income in columns 7 and 8 measured in nominal U.S. dollars and uncorrected for inflation. Log hourly wage 
in column 9 is restricted to individuals who worked for at least half the prior 12-month period. Coefficients for demographic controls, fixed effects and 
state-year time trends are not shown. The row Age-eligible sample mean, pre-DACA gives the sample mean for individuals before 2012 who meet the 
age eligibility criteria for DACA. Observations are weighted using person weights in the ACS. Robust standard errors clustered at the state-year level in 
parentheses. 
*** Significant at the 1% level. ** Significant at the 5% level. * Significant at the 10% level. 
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percent, also significant at the 1% level, which equates to approximately 50,000 more DREAMers 

entering the labor force. 

 Also, I examine the effect of DACA on the average number of hours worked per week in 

column (3). The introduction of DACA has increased the average hours worked per week by an 

individual who meets the DACA age-eligibility criteria by 1.2 hours per week; this effect is also 

significant at the 1% level. We can thus see from our results in columns (1) through (5) that DACA 

has had a strong effect on the employment outcomes of the age-eligible group, i.e. the group of 

potential DREAMers. However, there is no apparent effect of DACA on the likelihood of being 

self-employed (column 6). This is not surprising given the graphical results in Figure 3(c) which 

show no DID effect; this might also be due to the very small number of self-employed individuals 

in the sample and in the general population.  

 Next, we look at the effect of DACA on income and wages in columns (7) and (8) of Table 

3. From column (7) it appears that the introduction of DACA has decreased the total income of 

the DACA age-eligible population; however, from the graphical analysis in  Section 7.1 we know 

that this is effect is probably driven by the top decile of the income distribution, and that there is a 

strong negative pre-trend present as well. When we restrict the sample to individuals with total 

incomes below the 90th percentile, we see that DACA has increased total incomes by $575 on 

average, or 41 percent from the sample mean pre-DACA; this effect is also more significant. The 

choice of income variable does not appear to make much of a difference to the results: the results 

when I regress on total wage income instead of total income are similar and available in Appendix 

II. However, in column (9) there appears to be a small negative effect on the hourly wages of the 

individuals who meet the age eligibility criteria for DACA, although the strong negative 
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differential trend in wages observed in the graphical analysis in Figure 4(c) suggest that this is due 

to the pre-trend and not to DACA itself. 

 The last two columns of Table 3 examine the effect of DACA on attending school (column 

10) and health insurance coverage (column 11). DACA appears to have no significant effect on 

the school attendance of DACA age-eligible individuals, with the coefficient on the DID term 

being negligible and insignificant. On the other hand, the introduction of DACA is associated with 

a 2.4 percentage point increase in the number of potential DREAMers with some sort of health 

insurance coverage; this effect is significant at the 1% level. However, from the graphical results 

in Section 7.1, we see a strong negative pre-trend in the difference in the means of health insurance 

coverage in Figure 5(b), which might suggest that the parallel trend assumption required for the 

validity of the DID model might not hold. 

 In order to more rigorously test for differential trends between the control and intent-to-

treat groups, I adopt the method used by Pope (2016), wherein I estimate equation (1) with the 

AgeEligibleit variable interacted with a dummy variable for each year. This is equivalent to 

investigating how the effect of DACA eligibility varies by year. If there is no differential pre-trend, 

then I expect that the coefficients on the interaction terms with the years before the introduction of 

DACA (i.e. 2011 and before) should be insignificant, while the interactions of the eligibility 

variable with the years after the introduction of DACA (i.e. 2013 and beyond) should be significant 

(since these are equal to the DID estimates for each separate year). However, if a pre-trend does 

exist, then the coefficients on the interaction terms with the years before the introduction of DACA 

would also be significant, implying that there already was a differential trend between the DACA 

age-eligible and -ineligible groups even prior to the introduction of DACA. 
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 Table 4 on the following page presents the results of this analysis. Again, each column 

corresponds to a separate regression for each outcome variable. Table 4 reports the coefficients on 

the interaction of the eligibility dummy and each year dummy; the interaction AgeEligibleit*2012 

is the omitted category given how DACA was introduced midway through that year. 

 We can see from the results in Table 4 that for the labor market outcomes in columns (1) 

through (5), the coefficients on the post-DACA interaction terms, i.e. the effect of DACA on that 

outcome variable for that year, are all statistically significant and similar in magnitude and sign to 

the estimates obtained from the base DID model in Table 3. More interestingly, the magnitude of 

the coefficients increases from 2013 to 2016. This may be because additional DREAMers apply 

for DACA each year; however, given that the bulk of DACA applications were received in 2013 

(Figure 1), it is also possible that this might imply that the benefits of DACA increase over time: 

with legal status DREAMers are able to move on to better jobs, allowing them to gain valuable 

work experience and invest in their skills and human capital, hence making them even more 

employable and further improving labor market outcomes.  

Looking at the pre-DACA interaction terms in columns (1) through (5), we observe that 

there are no discernible pre-trends for the likelihood of working, hours worked or labor force 

participation, which is heartening; however, there is a negative pre-trend for unemployment 

between 2006 and 2008. This might not be that significant of an issue, since there is no pre-trend 

in the period immediately preceding the introduction of DACA (from 2009 to 2011), and since 

2006–208 correspond to the years immediately preceding the Great Recession when the U.S. 

economy was at or near full employment,31 hence employers short on labor might be more likely  

                                                
31 Bureau of Labor Statistics data series LNS14000000 (U.S. monthly unemployment rate, seasonally adjusted) 
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Table 4. Estimates of the effect of DACA age-eligibility by year. 
 
Each column corresponds to a separate regression for the corresponding outcome variable by estimating equation (1) but with AgeEligibleit interacted with 
each year dummy. The interaction AgeEligible*2012 is the omitted category. Each row corresponds to the coefficient on the interaction terms. Regressions 
are estimated on a sample containing noncitizens aged 18–35 with at least a college degree in the 2005–2016 ACS (2008–2016 for health insurance 
coverage). Income in columns 7 and 8 measured in nominal U.S. dollars and uncorrected for inflation. Log hourly wage in column 9 is restricted to 
individuals who worked for at least half the prior 12-month period. Coefficients for year dummies, demographic controls, fixed effects and state-year time 
trends are not shown. The row Age-eligible sample mean, pre-DACA gives the sample mean for individuals before 2012 who meet the age eligibility criteria 
for DACA. Observations are weighted using person weights in the ACS. Robust standard errors clustered at the state-year level in parentheses. 
*** Significant at the 1% level. ** Significant at the 5% level. * Significant at the 10% level. 
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to overlook their lack of documentation and hire DREAMers, which would account for the closing 

of the gap in unemployment rates during this time period. 

 As is consistent with the results in Table 3, we do not see any significance on any of the 

interaction terms in columns (6) and (7), corresponding to the rate of self-employment and to total 

personal income, respectively. However, again when we exclude the top decile of income earners, 

in column (8) the coefficients on the post-DACA interaction terms are large and significant and 

increasing over time. In column (9) we observe some pre-trends in hourly wage rates from 2005 

to 2007, however these do not explain the results for wages which we see in Table 3. 

 There are no significant coefficients for the regression on schooling in column (10), both 

on the pre- and post-DACA interaction terms; the magnitudes of the coefficients are also very 

small. As for health insurance coverage in column (11), we observe a strong significant  

post-DACA effect, but there is also a significant pre-trend for 2008 and 2009 which makes one 

wary of reading too much into these results. 

 Table 5 on the next page gives the results of a second specification which tests explicitly 

for pre-trends in the ACS data. Here, I estimate equation (1) but with the age-eligibility variable 

AgeEligibleit interacted with a linear pre-trend equal to min(year – 2012, 0) and year dummies for 

years after 2012, i.e. after the introduction of DACA. The coefficient on the interaction with the 

pre-trend term would tell if any significant pre-trend exists, while the estimates for the post-DACA 

interactions provide information on any trends arising from the introduction of DACA. 

 We observe that the coefficients on the post-DACA interaction terms in Table 5 are very 

similar to the results obtained in Table 4; however, some additional pre-trends appear for a number 

of our variables. We see a statistically significant negative pre-trend for the likelihood of working 

in the previous year in column (2), but the magnitude of this pre-trend is negligible relative to the  
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Table 5. Testing for pre-trends. 
 
Each column corresponds to a separate regression for the corresponding outcome variable by estimating equation (1) but with AgeEligibleit interacted with a 
linear pre-trend equal to min(year–2012, 0) and with year dummies for years after 2012. Each row corresponds to the coefficient on the interaction terms. 
Regressions are estimated on a sample containing noncitizens aged 18–35 with at least a college degree in the 2005–2016 ACS (2008–2016 for health 
insurance coverage). Income in columns 7 and 8 measured in nominal U.S. dollars and uncorrected for inflation. Log hourly wage in column 9 is restricted 
to individuals who worked for at least half the prior 12-month period. Coefficients for year dummies, demographic controls, fixed effects and state-year time 
trends are not shown. The row Age-eligible sample mean, pre-DACA gives the sample mean for individuals before 2012 who meet the age eligibility criteria 
for DACA. Observations are weighted using person weights in the ACS. Robust standard errors clustered at the state-year level in parentheses. 
*** Significant at the 1% level. ** Significant at the 5% level. * Significant at the 10% level. 
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sample mean of the eligible population, as well as the post-DACA effects. Of more concern is the 

positive pre-trend of about 0.4 percentage points observed for unemployment in column (4), which 

is also significant at the 1% level. This corresponds to the pre-DACA increase in unemployment 

for the DACA-eligible population, which we also see in the graphical results in Figure 3(a), and 

therefore suggests that our DID estimates for the effect of DACA on unemployment are potentially 

less valid. 

 Similarly, we see in columns (10) through (12) strong negative pre-trends for hourly wage 

rates, school attendance and health insurance coverage. This also corresponds to the differential 

trends observed in the graphical results in Figures 4 and 5, and again imply that the DID estimates 

obtained for these outcome variables might not be accurate. 

 Overall, the initial DID analyses in Tables 3 through 5 therefore show that DACA has had 

a strong, positive impact on the labor market outcomes of individuals who meet the age and age-

of-arrival criteria for DACA, and thus are potential DREAMers, specifically in terms of shifting 

them into the labor force, out of unemployment and into work. DACA has also increased the 

average hours worked by these individuals, as well as the incomes of those in the bottom 90th 

percentile of the income distribution (i.e. the large majority of them). All these effects also appear 

to be increasing over time. However, DACA appears to have not have had an effect on hourly 

wages, which is interesting and unexpected, although this result is considerably weaker given the 

strong negative pre-trend observed in the data. DACA also looks to have increased health 

insurance coverage among the eligible population, although the results for this are weaker and less 

conclusive. On the other hand, DACA seems to have had no impact on the likelihood of attending 

school. 
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 These results thus far appear strong and compelling; however, as discussed in Section 5 an 

issue with this DID strategy is the contamination of the sample with legal immigrants who also 

meet the DACA age-eligibility criteria and are placed in the intent-to-treat pool, thereby biasing 

the DID coefficient estimates toward zero. Therefore, in the following subsection I provide a two-

stage DID model that attempts to address this issue. 

 

7.3. Two-stage Difference-in-Differences Model 

 As discussed in Sections 5 and 6, one can use a “donor” sample, in this case the 2008 SIPP, 

to estimate a model giving the likelihood that an individual is undocumented based on certain 

demographic characteristics. Then, one can use this model to predict the likelihoods that the 

individuals in a “recipient” sample, here the 2005–2016 ACS, are undocumented. I subsequently 

estimate the second-stage DID model in equation (3), weighting the DACA eligibility term by the 

probability of an individual being undocumented, in order to obtain a more accurate intent-to-treat 

group and thus more accurate coefficient estimates. This section discusses the results obtained 

from this approach. 

 

7.3.1. First-Stage Results 

 The first stage of this model estimates equation (2) using a probit model on a sample of 

noncitizens aged 18–40 with at least a high school degree in the second wave of the 2008 SIPP, in 

order to create a model which provides the likelihood of a noncitizen being an unauthorized or a 

legal immigrant. The right-hand side variables in this model correspond to the same demographic 

controls used in estimating the DID models in equations (1) and (3), i.e. gender, marital status, 

race, ethnicity, whether Spanish is spoken at home and dummies for education level; as well as 
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additional controls for age and region of birth. The results from this estimation are given in Table 

6 on the following page. Column (1) reports the probit coefficients while column (2) gives average 

marginal effects. 

 From our results in Table 6, we can see that age is a strong predictor of undocumented 

status, with younger noncitizens more likely to be unauthorized. Men are on average 4.1 percent 

more likely to be undocumented than women, and single individuals are on average 5.5 percent 

more likely to be undocumented than married ones. Both observations are in agreement with 

estimates in the immigration literature as well. Race is not a good predictor of undocumented 

status; however, being Hispanic is associated with a 7.7 percent higher likelihood of being 

unauthorized, even conditional on controls for region on birth, although this is only significant at 

the 10 percent level. Again, this is reasonable and perhaps expected, given that 55 percent of 

unauthorized immigrants come from Mexico and a further 27 from Central and South America 

(Baker, 2014). However, speaking Spanish at home is not a good predictor of unauthorized status. 

 The age at which an individual entered the U.S. is also a significant predictor of their 

undocumented status; interestingly enough, the coefficient is opposite to the coefficient on age — 

i.e. an individual who came to the U.S. a year younger is on average 1.0 percent less likely to be 

an unauthorized immigrant.  

Unauthorized immigrants are also more likely to be less educated than their legal 

immigrant peers: the coefficients for the dummies for having some college education or a college 

degree or higher are negative (with having only a high school degree being the omitted category). 

Country or region of birth is also a very strong predictor of immigration status: individuals born 

in Europe or Asia are on average between 9.3 to 28.2 percent less likely to be unauthorized than  
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  (1) (2) 
 Unauthorized 
VARIABLES Probit coefficients Marginal effects 
    
Age -0.0401*** -0.0135*** 
 (0.00714) (0.00235) 
Male 0.124* 0.0417* 
 (0.0638) (0.0215) 
Unmarried 0.160** 0.0548** 
 (0.0772) (0.0265) 
Black -0.00965 -0.00326 
 (0.134) (0.0452) 
Asian -0.0102 -0.00343 
 (0.141) (0.0477) 
Hispanic 0.228* 0.0770* 
 (0.131) (0.0440) 
   
Age entered U.S. 0.0296*** 0.0100*** 
 (0.00528) (0.00173) 
Spanish spoken at home -0.138 -0.0467 
 (0.107) (0.0361) 
   
Some college education -0.408*** -0.138*** 
 (0.101) (0.0336) 
College degree or higher -0.0316 -0.0107 
 (0.0794) (0.0268) 
   
Born in Northern/Western Europe -0.883*** -0.282*** 
 (0.236) (0.0625) 
Born in Southern/Eastern Europe -0.581*** -0.201*** 
 (0.194) (0.0624) 
Born in East Asia -0.270 -0.0993 
 (0.216) (0.0779) 
Born in South/Central Asia -0.252 -0.0926 
 (0.198) (0.0720) 
Born in Southeast/West Asia -0.620*** -0.213*** 
 (0.193) (0.0623) 
Born in Africa -0.357* -0.129* 
 (0.202) (0.0707) 
Born in the Caribbean -1.171*** -0.341*** 
 (0.187) (0.0430) 
Born in South America -0.208 -0.0770 
 (0.160) (0.0588) 
   
Observations 2,138 2,138 
R-squared 0.0893 0.0893 

 

Table 6. First-stage probit model estimating likelihood that a noncitizen is unauthorized.  
 
Table is obtained by estimating equation (2) with a probit model on a sample of noncitizens aged 18–40 with 
at least a high school degree or equivalent in Wave 2 of the 2008 SIPP. The dependent variable is whether 
individual is an unauthorized immigrant. Column (1) reports probit coefficients while column (2) gives 
average marginal effects. Omitted category for race is white. Omitted category for education is having a high 
school degree only. Omitted category for birthplace is Mexico/Central America. Observations are weighted 
by person weights in the SIPP. Robust standard errors clustered at the state level in parentheses. 
*** Significant at the 1% level. ** Significant at the 5% level. * Significant at the 10% level. 
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individuals born in Mexico or Central America (the omitted category for region of birth). Again, 

this is in broad agreement with available data or estimates for the unauthorized population of the 

United States. 

 

7.3.2. Second-Stage Results 

 We can use the results from the first stage of the model to predict the likelihood that a 

noncitizen in the ACS is undocumented, and then use these predicted probabilities to estimate the 

second stage of our model, i.e. the difference-in-differences equation (3). Table 7 presents the 

results of this second-stage estimation. Again, each column in the table corresponds to a separate 

regression for the outcome variable of interest; in this case, the coefficient of interest and the 

measure of the impact of DACA on the outcome of interest is the coefficient on the interaction of 

DACA age-eligibility weighted by the probability of being unauthorized and the dummy for the 

post-DACA period. A one-unit change in the variable	"#$%&ℎ()*+,-. /0 corresponds to a shift in 

the probability of being unauthorized from zero to one, and since DACA eligibility requires both 

meeting the age requirements and being unauthorized, the coefficient on the interaction 

12,3452564,/0 ∗ "#$%&ℎ()*+,-. /0 ∗ 18&,)/0 corresponds to the effect of DACA on the DACA-

eligible population. 

 From Table 7 we see that in our two-stage model, the effects of DACA on the labor market 

outcomes in columns (1) through (5) are between 2.3 to 3.2 times larger than the estimates obtained 

in the simple DID model using equation (1) in Table 3; furthermore, all these effects are all 

significant at the 1% level as well. In the two-stage model, DACA appears to have increased the 

probability of an eligible individual working by 12.7 percentage points, compared to 4.4 

percentage points in the simple DID model in Table 3. This corresponds to approximately 200,000  
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Table 7. Second-stage difference-in-differences estimates of the effect of DACA on various labor market, education and healthcare outcomes.  
 
Each column corresponds to a separate regression for the corresponding outcome variable by estimating equation (3) on a sample containing noncitizens 
aged 18–35 with at least a college degree in the 2005–2016 ACS (2008–2016 for health insurance coverage). The coefficient of interest is the coefficient 
on the AgeEligible*Unauthorized*After interaction term. Income in columns 7 and 8 measured in nominal U.S. dollars and uncorrected for inflation. 
Log hourly wage in column 9 is restricted to individuals who worked for at least half the prior 12-month period. Coefficients for demographic controls, 
fixed effects and state-year time trends are not shown. The row Age-eligible sample mean, pre-DACA gives the sample mean for individuals before 2012 
who meet the age eligibility criteria for DACA. Observations are weighted using person weights in the ACS. Robust standard errors clustered at the 
state-year level in parentheses. 
*** Significant at the 1% level. ** Significant at the 5% level. * Significant at the 10% level. 
 



 52 

additional DREAMers working as a result of DACA. Similarly, we see that DACA has increased 

the labor force participation rate among DREAMers by 10.8 percentage points, and decreased 

unemployment by 3.8 percentage points, i.e. shifting about 160,000 DREAMers into the labor 

force and moving 50,000 DREAMers out of unemployment. 

 Although these estimates may appear unrealistically large at first glance, other smaller, 

more qualitative studies have actually observed similar, sharp increases in employment and labor 

force participation among DACA recipients. For example, Wong et al. (2017) surveyed 3,063 

DACA recipients and reported that 54.2% of all respondents and 35.3% of respondents 25 and 

older obtained their first job after approval of their DACA applications. This suggests that the 

estimates I obtain from this two-stage model are realistic and in fact very likely to be a lower bound 

on the effect of DACA on DREAMers, given how these estimates are intent-to-treat effects and 

that not all DREAMers have applied for and received DACA. 

 Comparing column (8) in Tables 3 and 7, we also see that the effect of DACA on total 

income is now four times as large as the initial estimate from the simple DID model. From  

Table 7, we see that an unauthorized immigrant earns on average $1,620 less than a legal 

immigrant; however, with the introduction of DACA, the average income of a DACA-eligible 

individual has increased by $2,324, or by about 16 percent from the pre-DACA sample mean, 

significant at the 1% level. Again, this is a not unsubstantial amount, but still very likely 

understates the gains to DREAMers from DACA: Wong et al. (2017) report in their study the that 

median annual earnings among DACA recipients was $19,000 pre-DACA and $32,000 post-

DACA, corresponding to a $13,000 increase in annual income. Looking at the results in column 

(9) of Table 7, we see that this increase in income is not due to an increase in the hourly wage; in 

fact, it appears that DACA has decreased the average hourly wage of DREAMers. However, this 
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result should be viewed with some caution given the strong negative pre-trend in wages that we 

have observed in Figure 4(c) and Table 5, suggesting that the parallel trend assumption required 

for the validity of our DID estimate does not hold. 

 The results when we examine the effect of DACA on school attendance and healthcare are 

similar to that in the initial single-stage DID model in the previous section. DACA still appears to 

not have any effect on school attendance for DREAMers: the coefficient on the interaction term is 

small and insignificant. This supports the results from Pope (2016), who also finds that the effect 

of DACA on school attendance is inconclusive, and is contrary to the findings of Hsin and Ortega 

(2017), who demonstrate that DACA shifted individuals out of school and into the workforce. The 

fact that the DID coefficient is small and insignificant suggests that the two competing effects on 

school attendance (either where DACA reduces labor market frictions, encouraging DREAMers 

to move from school into work, or where DACA makes it more attractive for DREAMers to attend 

school in order to improve their human capital and skills) tend to cancel each other out. 

The DID estimate for the effect of DACA on health insurance coverage is, however, is 3.6 

times that of the estimate from the single-stage DID model; I find that the rate of health insurance 

coverage for unauthorized immigrants is almost 30 percentage points lower than for legal 

immigrants; however, DACA has increased the fraction of DREAMers with health insurance 

coverage by 8.5 percentage points. 

 From these results in Table 7 we can therefore see that DACA has had a much larger effect 

on labor market outcomes, wages and healthcare coverage on DREAMers than we had expected 

from a simple difference-in-differences estimation. The results from this two-stage model are also 

closer to other empirical estimates observed in the literature, suggesting that contamination of our 

original sample by legal immigrants had indeed biased the original estimates downward, and that 
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this two-stage model is an appropriate way to correct for this. Furthermore, it is also important to 

remember that the estimates from this model are estimates of the intent-to-treat effect of DACA, 

and since only about 60% of DREAMers have applied for deferred action the actual treatment 

effects may be up to 1.67 times larger than what we have observed in our data. 

 

7.4. Subsamples and Robustness Checks 

 I move on to estimating the second stage of the two-stage difference-in-differences model 

on various subsamples of the ACS data, in order to investigate if there are any differential effects 

of DACA based on income levels, gender or ethnicity, i.e. if some groups benefit more from 

DACA than others. These results are presented in Tables 8 through 10 below. 

 Table 8 shows the differential effects of DACA on various subsamples based on total 

income: (a) for individuals below the 90th percentile of income, (b) for individuals below the 

median income and (c) for individuals above the median income. From our results in Figure 4 and 

Tables 3 and 7 we already know that DACA appears to not have an effect on income when we 

estimate the DID models on the entire ACS sample, but after excluding the top decile of earners 

we find that DACA has actually raised the income significantly of individuals below the 90th 

percentile of the income distribution. Therefore, it would be interesting to see if there are any 

differential effects based on income, which we do in Table 8 on the next page.  
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Table 8. Two-stage DID estimates of the effect of DACA on various labor market, education and healthcare outcomes by income level.  
 
Each column corresponds to a separate regression for the corresponding outcome variable by estimating equation (3) on the sample in Table 7 restricted 
to (a) individuals below 90th percentile for income, (b) individuals below median income and (c) individuals above median income. The coefficient of 
interest is the coefficient on the AgeEligible*Unauthorized*After interaction term. Income is measured in nominal U.S. dollars and uncorrected for 
inflation. Log hourly wage in column 8 is restricted to individuals who worked for at least half the prior 12-month period. Coefficients for demographic 
controls, fixed effects and state-year time trends are not shown. The row Age-eligible sample mean, pre-DACA gives the sample mean for individuals 
before 2012 who meet the age eligibility criteria for DACA. Observations are weighted using person weights in the ACS. Robust standard errors 
clustered at the state-year level in parentheses. 
*** Significant at the 1% level. ** Significant at the 5% level. * Significant at the 10% level. 
 

(continued from previous page) 
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However, a possible issue with the results in this table is that we are partially conditioning 

on some of our outcome variables; for example, since the average number of hours worked in the 

past year will affect total income, then whether an individual is below the 90th (or 50th) percentile 

of income can also be influenced by the dependent variable.32 

 From Table 8, we can see that the effect of DACA on various labor market outcomes is 

indeed concentrated toward the bottom of the income distribution. We can see that the coefficients 

on the interaction terms for the labor market outcomes in columns (1) through (5) are greater in 

magnitude when the top decile of earners is excluded, and even larger when we look at the bottom 

half of the income distribution. On the other hand, we now no longer see an effect of DACA on 

unemployment or hours worked per week in the top half of the income distribution, and the effects 

on the likelihood of working and of labor force participation are significantly smaller.  

For example, DACA has reduced unemployment among DREAMers earning less than the 

median income by more than 7 percentage points (compared to a full-sample effect of a 3.8 

percentage point decrease, and a 4.0 percentage point reduction in the bottom 90 percent) but had 

no effect on DREAMers in the top half of the income distribution. DACA has increased the 

likelihood of a DREAMer in the bottom half of the income distribution working by 17.7 percentage 

points (relative to 12.7 percentage points in the full sample and 15.1 percentage points in the 

below-90th percentile sample), compared to a 2.8 percentage point increase among DREAMers in 

the top half of the income distribution. 

 We also see similar trends in health insurance coverage. From our results we see that 

DACA has increased the fraction of DREAMers with health insurance coverage by 8.6 percentage 

                                                
32 This is especially problematic with the income variable itself, and a possible way to address this would be to use 
quantile regression; however, given the size of the data set and the number of controls and fixed effects I was unable 
to achieve convergence in STATA when estimating a quantile regression model. 
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points for those earning less than the median income, but only by 4.0 percentage points for those 

earning more than the median income. On the other hand, we do not see any significant effect for 

DACA on school attendance in any of the three subsamples we consider. 

 The results for income are more interesting, however. DACA increased total income 

among the bottom 90 percent of earners by $2,324, but only by $1,088 when we look at individuals 

below the median income. However, if we consider that the pre-DACA mean income among 

DACA-eligible individuals in the bottom 90 percent of earners is $14,180, while the mean income 

in the bottom half of the distribution is $3,902, we can again see that DACA has had a much larger 

impact on DREAMers earning below the median income. Expressing the effects in percentage 

terms, we see that DACA has raised incomes in the below-90th percentile sample by 16% relative 

to the sample mean, but in the below-median sample it has raised incomes by 28% relative to the 

mean. 

 Therefore, from Table 8 we see that the effects of DACA are to be unequally distributed 

based on income (and by extension, socioeconomic status): DACA appears to have the strongest 

effects on individuals near the bottom of the income distribution, and minimal effect for 

individuals at the top. This is unsurprising, given how the poorest individuals are the ones most 

likely to face labor market frictions and barriers, and how these barriers tend to be larger as well. 

Hence, we can expect that poorer individuals will probably benefit the most from the elimination 

of these labor market obstacles with DACA, and this is indeed borne out in the results in Table 8. 

 Table 9 on the next page gives the results from estimating the two-stage DID model by 

gender. Although the DID estimates for the likelihood of working and the average number of hours 

worked are similar for men and women, the effect of DACA on two other labor market outcomes 

— unemployment and labor force participation — appear to diverge. We see that DACA has  
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Table 9. Two-stage DID estimates of the effect of DACA on various labor market, education and healthcare outcomes by gender.  
 
Each column corresponds to a separate regression for the corresponding outcome variable by estimating equation (3) on the sample in Table 7 restricted 
to (a) males and (b) females. The coefficient of interest is the coefficient on the AgeEligible*Unauthorized*After interaction term. Income in columns 
7 and 8 is measured in nominal U.S. dollars and uncorrected for inflation. Log hourly wage in column 9 is restricted to individuals who worked for at 
least half the prior 12-month period. Coefficients for demographic controls, fixed effects and state-year time trends are not shown. The row Age-eligible 
sample mean, pre-DACA gives the sample mean for individuals before 2012 who meet the age eligibility criteria for DACA. Observations are weighted 
using person weights in the ACS. Robust standard errors clustered at the state-year level in parentheses. 
*** Significant at the 1% level. ** Significant at the 5% level. * Significant at the 10% level. 
 



 60 

 

Table 10. Two-stage DID estimates of the effect of DACA on various labor market, education and healthcare outcomes by ethnicity and country of birth. 
  
Each column corresponds to a separate regression for the corresponding outcome variable by estimating equation (3) on the sample in Table 7 restricted 
to (a) individuals of Hispanic ethnicity and (b) individuals born in Mexico. The coefficient of interest is the coefficient on the 
AgeEligible*Unauthorized*After interaction term. Income in columns 7 and 8 is measured in nominal U.S. dollars and uncorrected for inflation. Log 
hourly wage in column 9 is restricted to individuals who worked for at least half the prior 12-month period. Coefficients for demographic controls, fixed 
effects and state-year time trends are not shown. The row Age-eligible sample mean, pre-DACA gives the sample mean for individuals before 2012 who 
meet the age eligibility criteria for DACA. Observations are weighted using person weights in the ACS. Robust standard errors clustered at the state-
year level in parentheses. 
*** Significant at the 1% level. ** Significant at the 5% level. * Significant at the 10% level. 
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reduced unemployment for male DREAMers by 4.9 percentage points, significant at the 1% level, 

but has had no effect on unemployment among female DREAMers. Conversely, DACA has 

increased labor force participation for female DREAMers by 13.8 percentage points, but only by 

7.7 percentage points for male DREAMers. This is probably because men were more likely than 

women to already be in the labor force pre-DACA — we can see from the pre-DACA sample 

means of the eligible populations that men had a labor force participation rate of 80.1 percent 

compared to 66.7 percent for women. This is interesting, as it shows that the pathway by which 

DACA increased employment among DREAMers differs by gender, with men more likely to move 

from unemployment into work, but with women more likely to move into the labor force and 

employment. This also stands in contrast to the results by Pope (2016), where he finds no 

difference in the effect of DACA on unemployment and labor force participation between the 

genders. 

 Moving on to the other outcomes of interest, we see that DACA appears to have increased 

incomes more for men than for women, but men earn more than women to begin with (in our 

sample, the bottom 90 percent of men earn $16,508 on average, compared to $11,610 for women), 

and in percentage terms women actually see a greater increase in their incomes as a result of DACA 

(15% versus 13%). DACA had no effect on school attendance for both men and women, and 

increased health insurance coverage between both groups by about the same amount. 

 Table 10 on the previous page gives the results from the DID model on two subsamples: 

the first of all individuals with Hispanic ethnicity, and the second of all individuals born in Mexico. 

These subsamples were chosen because a large majority of DREAMers and DACA applicants are 

Mexican (65 percent and 78 percent, respectively). Also, this choice of subsamples serves as a 

robustness check for our results, as well as an alternative identification strategy — other authors 



 62 

have used being a noncitizen from Mexico as a proxy for being an unauthorized immigrant, in 

order to perform various DID analyses with the ACS (for example, Amuedo-Dorantes and Antman, 

2016) — we should expect to see similar results in these subsamples. 

 Indeed, we observe that the DID estimates for the various labor market outcomes such as 

fraction working, hours worked, labor force participation and unemployment for these two 

subsamples are very close to the estimates obtained for the whole sample in Table 7. However, the 

DID estimates for income and health insurance coverage are now smaller and no longer significant. 

This might be because of the differential pre-trends observed for these variables, or a function of 

the relatively smaller sample size. 

 Table 11 on the following pages gives a series of robustness checks, by estimating equation 

(3) with varying amounts of controls and fixed effects. When we estimate the model without any 

controls or fixed effects, in Table 11(a), we see that the estimates we obtain are about 1.5 times 

the magnitude of our baseline specification in Table 7 (with the full set of demographic controls, 

state and year fixed effects and state-year time trends). Interestingly, the DID estimate for school 

attendance is negative and significant. Adding only demographic controls in 11(b) gives us results 

that are now close to the estimates obtained with our full specification, and bringing in year and 

state fixed effects together with demographic controls in Table 11(c) gives results that are 

effectively identical to the full specification which includes state-year time trends.  

Also, as discussed in §6.1.1, the identification strategy for individuals who meet the age 

and age-of-arrival eligibility criteria for DACA contains regression discontinuity (RD) elements, 

and it is therefore as a robustness check it is possible to estimate RD models using discontinuities 

in only one of the DACA eligibility criteria. I do this in Appendix I, and the qualitative results 

obtained are broadly similar to the results from the full model as well. 
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Table 11. Robustness checks with varying levels of controls and fixed effects.  
 
Each column corresponds to a separate regression for the corresponding outcome variable by estimating equation (3) on the sample in Table 7 but 
(a) without controls or fixed effects, (b) with demographic controls only or (c) with demographic controls and state and year fixed effects. The 
coefficient of interest is the coefficient on the AgeEligible*Unauthorized*After interaction term. Income in columns 7 and 8 is measured in nominal 
U.S. dollars and uncorrected for inflation. Log hourly wage in column 9 is restricted to individuals who worked for at least half the prior 12-month 
period. Coefficients for demographic controls, fixed effects and state-year time trends are not shown. Observations are weighted using person 
weights in the ACS. Robust standard errors clustered at the state-year level in parentheses. 
*** Significant at the 1% level. ** Significant at the 5% level. * Significant at the 10% level. 
 

(continued from previous page) 
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7.5. Significance and Policy Implications 

 From our results we see that DACA has had a significant impact on the labor force 

outcomes of DREAMers. DACA has shifted approximately 200,000, or about 10 percent of the 

total estimated DREAMer population into employment, reducing unemployment among 

DREAMers by an estimated 3.8 percentage points and increasing labor force participation by 10.8 

percentage points. DACA has also increased incomes significantly, by about 16 percent for the 

bottom 90 percent of the income distribution and 28 percent for individuals earning below median 

income. It is also important to recognize that these DID estimates are intent-to-treat effects, and 

since only an estimated 60 percent of DREAMers have actually applied for DACA (Batalova  

et al., 2014), the actual magnitudes of the effect of DACA can be close to 1.67 times larger than 

the estimates obtained here. 

 These results therefore illustrate the magnitude of the impact of DACA on the DREAMer 

population, and show that DACA has brought about significant economic benefit for DREAMers. 

Also, the results demonstrate that the largest effects of DACA are felt by DREAMers lower in the 

income distribution, hence the welfare benefits of DACA may be even greater, since the marginal 

benefit of, for example, an increase in income would be greatest for these individuals. 

 DACA thus appears to be broadly beneficial for the DREAMer population, and the 

economic case for DACA from the DREAMer perspective thus appears rather clear-cut. The 

benefits of DACA for the broader U.S. population, however, are harder to quantify, and although 

not exactly within the scope of this paper still worth considering nonetheless. The estimates 

obtained from my analysis are partial equilibrium effects, but by increasing the supply of labor in 

the overall workforce, DACA might cause overall wages to fall. I believe that this is highly 

unlikely: The U.S. economy is at or near full employment right now, and over 10 million jobs were 
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created between 2013 to 2016, which dwarfs the number of DREAMers shifted into the labor force 

by DACA, or even the total number of DREAMers. Therefore, I do not believe that DACA would 

lead to negative general equilibrium effects on wages or employment among the broader 

population. Furthermore, the positive impact of DACA among DREAMers would far outweigh 

any negative impacts — as a very rough calculation, if DACA increased annual incomes among 

DREAMers by $2,000 on average, as estimated in Table 7, this would translate to approximately 

a $900 million increase in GDP. Theoretical general equilibrium modeling of the effect of DACA 

on the broader U.S. economy by Ortega et al. (2018) appears to confirm this: they find that DACA 

increased wages of DACA recipients by 12% on average, but did not affect citizen wages; also, 

they calculate that DACA increased U.S. GDP by approximately $3.5 billion in the 5 years since 

2012, i.e. by approximately $700 million per year. 

 This therefore makes the case that DACA is beneficial both for DREAMers and for the 

country as a whole, and also suggests that repeal of DACA, as proposed by the Trump 

administration, would have significant economic consequences. The repeal of DACA would be 

equivalent to reintroducing the frictions and barriers faced by DREAMers in the labor market, and 

therefore it makes sense to expect that the effects of repeal should be the opposite of what we have 

estimated in this paper: i.e., that repeal would decrease the likelihood of DREAMers working by 

about 12 percentage points, would increase unemployment among DREAMers by 3.8 percentage 

points and lower incomes by about 15%. More broadly, repeal would translate to about a $700 

million to $900 million reduction in U.S. GDP, using the estimates above. Also, we have observed 

that the positive impacts of DACA appear to strengthen over the period for which DACA has been 

in effect, so the potential loss in GDP and other negative outcomes could be even greater. Moreover, 
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repeal of DACA would expose DREAMers to the risk of deportation again — which in and of 

itself has significant negative consequences for the DREAMer population. 

 We can also consider the potential effects of the opposite of repeal — the expansion of 

DACA protections, for example through the loosening of the eligibility criteria in order to grant 

deferred status to a larger group of unauthorized immigrants. This is actually what the Obama 

administration attempted to do in 2014, when President Obama announced that he would expand 

DACA to include unauthorized immigrants of any age who entered the country before the age of 

16 and had lived in the U.S. continuously since 2010, as well as introducing a new program, 

Deferred Action for Parents of Americans and Lawful Permanent Residents (or DAPA for short), 

that would grant deferred action to undocumented parents of U.S. citizens or permanent 

residents.33 The Migration Policy Institute in Washington, D.C. has estimated that the expanded 

policy could apply to up to as many as 3.7 million unauthorized immigrants, or close to a third of 

the unauthorized immigrant population in the United States.34 If we assume that the potential 

impacts of this expansion are similar to our estimates of the effect of DACA, this would translate 

to about 400,000 additional immigrants moved into employment, and about a $2 billion increase 

in U.S. GDP, which is a considerable amount. However, the expansion of DACA and introduction 

of DAPA was blocked in the courts after 24 states filed suit, and eventually repealed by the Trump 

administration in 2017. Nevertheless, we see from our results that any expansion of DACA 

introduced by a future administration or Congress could bring about significant economic benefit 

to the unauthorized immigrant population, as well as to the broader economy. 

  

                                                
33 https://www.uscis.gov/archive/2014-executive-actions-immigration 
34 https://www.migrationpolicy.org/news/mpi-many-37-million-unauthorized-immigrants-could-get-relief-
deportation-under-anticipated-new 
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8. Conclusion 

 This paper has examined the impact of DACA on the group of unauthorized immigrants 

known as DREAMers, and found that DACA has brought about significant labor market benefits 

to the DREAMer population. DACA has moved DREAMers into work by increasing labor force 

participation and decreasing unemployment, although these effects differ by gender. DACA has 

also increased incomes, with the largest increases at the bottom of the income distribution. Also, 

DACA has increased health insurance coverage among the DREAMer population. These results 

therefore demonstrate the value of the legal status and work authorization provided by DACA, and 

conversely also show how undocumented status had previously affected the DREAMer population. 

And as DACA continues to be debated in Congress and the courts and as the fate of DREAMers 

remains in limbo, it is therefore important to understand that the case for DACA is not just a moral 

but also an economic one, and it is hoped that this paper has provided some insight on the economic 

benefits of DACA for DREAMers. 
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APPENDIX I: Regression Discontinuity Specifications 

The models we estimate in the main body of the paper are DID models with some 

regression discontinuity (RD) elements arising from the criteria for DACA; we can estimate pure 

RD models by performing the DID estimation on subsamples that only differ by only one of the 

criteria for DACA. Table A1 on the next page presents the results of estimating equation (1) on 

(a) a sample of noncitizens below the age of 31 who entered the U.S. between ages 12 and 19 (i.e. 

the discontinuity being the DACA cutoff for entering before age 16) and (b) a sample of 

noncitizens aged between 27 and 34 who entered the U.S. before age 16 (i.e. the discontinuity 

being the DACA cutoff for being under 31 on June 15, 2012). 

Table A2 on the following page presents the results of estimating the two-stage DID model 

specified in equation (3) on the same two subsamples as in Table A1. We see from the results in 

Tables A1 and A2 that the RD method gives qualitatively similar estimates of the effect of DACA 

on the various outcomes of interest, especially in the two-stage model. However, some effects are 

weaker or absent, most likely due to the smaller sample sizes involved. Both sets of RD 

specifications provide further evidence to the robustness of our results in the main text. 
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Table A1. Regression discontinuity design estimates of the effect of DACA on various labor market, education and healthcare outcomes.  
 
Each column corresponds to a separate regression for the corresponding outcome variable by estimating equation (1) on a sample from the 2005 –2016 
ACS containing (a) noncitizens under the age of 31 who entered the U.S. between age 12 and 19 and (b) noncitizens aged 27 to 34 who entered the U.S. 
before age 16. The coefficient of interest is the coefficient on the AgeEligible*After interaction term. The coefficient of interest is the coefficient on the 
AgeEligible*After interaction term. Income in columns 7 and 8 measured in nominal U.S. dollars and uncorrected for inflation. Log hourly wage in 
column 9 is restricted to individuals who worked for at least half the prior 12-month period. Coefficients for demographic controls, fixed effects and 
state-year time trends are not shown. The row Age-eligible sample mean, pre-DACA gives the sample mean for individuals before 2012 who meet the 
age eligibility criteria for DACA. Observations are weighted using person weights in the ACS. Robust standard errors clustered at the state-year level in 
parentheses. 
*** Significant at the 1% level. ** Significant at the 5% level. * Significant at the 10% level. 
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Table A2. Second-stage regression discontinuity estimates of the effect of DACA on various labor market, education and healthcare outcomes.  
 
Each column corresponds to a separate regression for the corresponding outcome variable by estimating equation (3) on a sample from the 2005–2016 
ACS containing (a) noncitizens under the age of 31 who entered the U.S. between age 12 and 19 and (b) noncitizens aged 27 to 34 who entered the U.S. 
before age 16. The coefficient of interest is the coefficient on the AgeEligible*Unauthorized*After interaction term. Income in columns 7 and 8 measured 
in nominal U.S. dollars and uncorrected for inflation. Log hourly wage in column 9 is restricted to individuals who worked for at least half the prior 12-
month period. Coefficients for demographic controls, fixed effects and state-year time trends are not shown. The row Age-eligible sample mean, pre-
DACA gives the sample mean for individuals before 2012 who meet the age eligibility criteria for DACA. Observations are weighted using person weights 
in the ACS. Robust standard errors clustered at the state-year level in parentheses. 
*** Significant at the 1% level. ** Significant at the 5% level. * Significant at the 10% level. 
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APPENDIX II: Alternative Income Variables 

The ACS provides multiple income variables; the regressions in the main body of the paper 

are run using total personal income as one of the outcome variables. However, we can also use 

total wage income as a dependent variable, obtaining similar results. This section replicates Figure 

4(ab) and the relevant columns in Tables 3 through 5, 7, 9 and 10, as well as all of Table 8, using 

total wage income in place of total income, in Figure A1 and Tables A3 through A8. We see that 

the estimates obtained are very similar to the results in the main text, except for a strong, negative 

linear pre-trend for total wage income in Table A6. 

  

 

 
Figure A1. Differences in means of total wage income between individuals who meet the age eligibility criteria 
for DACA and who do not. Sample contains (a) all noncitizens in 2005–2016 ACS aged 18–35 with at least a 
high school degree, (b) restricted to individuals with total wage incomes below the 90th percentile. Amounts are 
in nominal U.S. dollars unadjusted for inflation. Vertical bars correspond to 95% confidence intervals, 
calculated with robust standard errors clustered at the state-year level. Observations are weighted using person 
weights in the ACS. The shaded area represents the period in which DACA was introduced. 
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Table A3. Difference-in-differences estimates of the effect of DACA on total wage income.  
 
This corresponds to columns (7) and (8) in Table 3 in the main text, with total personal income replaced 
by wage income. The coefficient of interest is the coefficient on the AgeEligible*After interaction term. 
Income is measured in nominal U.S. dollars and uncorrected for inflation. Coefficients for demographic 
controls, fixed effects and state-year time trends are not shown. Observations are weighted using person 
weights in the ACS. Robust standard errors clustered at the state-year level in parentheses. 
*** Significant at the 1% level. ** Significant at the 5% level. * Significant at the 10% level. 
 

Table A4. Second-stage DID estimates of the effect of DACA on total wage income.  
 
This corresponds to columns (7) and (8) in Table 6 in the main text, with total personal income replaced 
by wage income. The coefficient of interest is the coefficient on the AgeEligible*Unauthorized*After 
interaction term. Income is measured in nominal U.S. dollars and uncorrected for inflation. Coefficients 
for demographic controls, fixed effects and state-year time trends are not shown. Observations are 
weighted using person weights in the ACS. Robust standard errors clustered at the state-year level in 
parentheses. 
*** Significant at the 1% level. ** Significant at the 5% level. * Significant at the 10% level. 
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Table A5. Estimates of the effect of DACA age-eligibility by year for wage income. 
 
This corresponds to columns (7) and (8) in Table 4 in the main text, with total personal income replaced 
by wage income. Each column corresponds to a separate regression for the corresponding outcome 
variable by estimating equation (1) but with AgeEligibleit interacted with each year dummy. The 
interaction AgeEligible*2012 is the omitted category. Each row corresponds to the coefficient on the 
interaction terms. Income is measured in nominal U.S. dollars and uncorrected for inflation. 
Coefficients on year dummies, demographic controls, fixed effects and state-year time trends are not 
shown. Observations are weighted using person weights in the ACS. Robust standard errors clustered 
at the state-year level in parentheses. 
*** Significant at the 1% level. ** Significant at the 5% level. * Significant at the 10% level. 
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Table A6. Testing for pre-trends for wage income. 
 
This corresponds to columns (7) and (8) in Table 5 in the main text, with total personal income replaced 
by wage income. Each column corresponds to a separate regression for the corresponding outcome 
variable by estimating equation (1) but with AgeEligibleit interacted with a linear pre-trend equal to 
min(year–2012, 0) and with year dummies for years after 2012. Each row corresponds to the coefficient 
on the interaction terms. Income is measured in nominal U.S. dollars and uncorrected for inflation. 
Coefficients on year dummies, demographic controls, fixed effects and state-year time trends are not 
shown. Observations are weighted using person weights in the ACS. Robust standard errors clustered 
at the state-year level in parentheses. 
*** Significant at the 1% level. ** Significant at the 5% level. * Significant at the 10% level. 
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Table A7. Two-stage DID estimates of the effect of DACA on various labor market, education and healthcare outcomes by wage income level.  
 
This corresponds to Table 8 in the main text but with subsamples based on total wage income. The regression for working in the past year for the 
subsample with above median wage income omitted because all observations in the sample worked the previous year. The coefficient of interest is the 
coefficient on the AgeEligible*Unauthorized*After interaction term. Income is measured in nominal U.S. dollars and uncorrected for inflation. Log 
hourly wage in column 8 is restricted to individuals who worked for at least half the prior 12-month period. Coefficients for demographic controls, fixed 
effects and state-year time trends are not shown. The row Age-eligible sample mean, pre-DACA gives the sample mean for individuals before 2012 who 
meet the age eligibility criteria for DACA. Observations are weighted using person weights in the ACS. Robust standard errors clustered at the state-
year level in parentheses. 
*** Significant at the 1% level. ** Significant at the 5% level. * Significant at the 10% level. 
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Table A8. Two-stage DID estimates of the effect of DACA on wage income by (a) gender and (b) ethnicity and country of birth.  
 
Columns (1) to (4) correspond to columns (7) and (8) in Table 9 in the main text. Columns (5) to (8) correspond to columns (7) and (8) in Table 10 in the 
main text. Each column corresponds to a separate regression for the corresponding outcome variable by estimating equation (3) on the sample in Table 7 
restricted to (1-2) males, (3-4) females, (5-6) individuals of Hispanic ethnicity and (7-8) individuals born in Mexico. The coefficient of interest is the 
coefficient on the AgeEligible*Unauthorized*After interaction term. Income is measured in nominal U.S. dollars and uncorrected for inflation. Coefficients 
for demographic controls, fixed effects and state-year time trends are not shown. The row Age-eligible sample mean, pre-DACA gives the sample mean for 
individuals before 2012 who meet the age eligibility criteria for DACA. Observations are weighted using person weights in the ACS. Robust standard errors 
clustered at the state-year level in parentheses. 
*** Significant at the 1% level. ** Significant at the 5% level. * Significant at the 10% level. 
 


