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Abstract

DACA (Deferred Action for Childhood Arrivals) provides temporary work autho-
rization and deportation protection to individuals meeting strict age, residency, ed-
ucation, and criminal history criteria. Although not its primary focus, DACA’s re-
quirements shift young people’s incentives, and this project investigates whether those
shifts prompted changes in student misbehavior. Specifically, leveraging restricted-
access, student-level data from Texas, I use a Difference-in-Differences (DiD) approach
to assess DACA’s impact on juvenile crime and school discipline. I compare likely
undocumented students to all other students before and after DACA began, using
administrative proxies for documentation status that is new to the immigration and
broader literature. Relative to likely undocumented students’ averages, DACA de-
creased in-school and out-of-school suspensions per student per year by 10.9% and
16.5%, respectively. Transfers to alternative education programs, a proxy for juvenile
crime, also fell by 13.7% per student per year due to DACA. The effect sizes nearly
double for students who were too young to apply to DACA right away, showcasing a
deterrence effect, and were biggest for non-white students.These results have impor-
tant implications for disciplinary policy, demonstrating how students’ incentives can
be shifted to deter juvenile crime and misbehavior.
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1 Introduction

In the 2021-2022 school year alone, there were over 1.3 million criminal incidents per-

petrated by students at school1, and over 60% of these incidents were violent crimes (Burr

et al., 2024). Juvenile crime is linked to lower rates of graduation and labor force partic-

ipation, and higher rates of recidivism into adulthood (Ullman et al., 2024), which means

that not only is it an issue for the individual perpetrators but also for the broader society.

Policies, then, are critical in deterring juvenile crime, and the Deferred Action for Childhood

Arrivals (DACA) is such a program.

Predominantly an immigration policy, DACA provides temporary work authorization

and protection from deportation to eligible individuals who arrived as undocumented immi-

grants before the age of 16. Along with age and residency criteria, DACA also requires that

recipients must 1) be currently in school or graduated high school and 2) not have committed

any felonies, multiple misdemeanors, or otherwise be deemed as a threat to national safety

or security. These two requirements shift incentives for young undocumented individuals,

which could lead to a shift in behaviors. This leads to the two main research questions in

this paper: 1) Did DACA deter juvenile crime? and 2) Did DACA impact rates of student

misbehavior?

Both questions are empirically ambiguous. Previous literature from Becker (1964, 1974)

and Keane andWolpin (1997) postulate that if the returns to crime(education) decrease(increase),

then investment in these activities should also decrease(increase). This then would suggest

that DACA leads to less juvenile crime and school discipline2. However, the cost(return) of

crime(education) is already so high(low) for undocumented students, DACA may not lead

to any measurable behavioral difference.

1This includes both on campus and at school-sponsored events.
2If investments in education increase, we should see less student misbehavior as their focus shifts to

investing more in their academic success.
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To explore whether DACA impacted student misbehavior, I use a Difference-in-Differences

(DiD) methodology. The first difference is across proxied documentation status, and the

second difference is time relative to DACA implementation. Using the Texas Education

Agency’s student-level administrative data, I proxy for documentation status using a com-

bination of administrative flags to identify students who were born outside of the U.S. and

do not have Social Security Numbers.3 Thus, my treatment group are students who were

born outside of the U.S. and do not have SSNs, while my control group consists of all other

students. I also leverage student fixed effects and dynamic controls for age to analyze five

main outcomes of interest: two measures of student misbehavior (In-school and Out-of-

school suspensions), and three proxy measures for juvenile crime (Expulsions, Transfers to

Disciplinary Alternative Education Programs (DAEPs), and Transfers to Juvenile Justice

Alternative Education Programs (JJAEPs)).4

I find consistent evidence that DACA deterred juvenile crime and misbehavior. In-school

suspensions dropped by 10.9% of the treatment groups’ (immigrants students without SSNs)

mean, and Out-of-school suspensions dropped by 16.5%. Transfers to Disciplinary Alterna-

tive Education Programs (DAEPs) dropped by 13.7%, and both Expulsions and Transfers

to Juvenile Justice Alternative Education Programs (JJAEPs) consistently decrease albeit

with less precision. These effects are largest for non-white students, and the treatment effect

was almost double for students who were too young to apply to DACA immediately (i.e.,

they were 14 or younger in 2012), suggesting that DACA did have a deterrence effect on

juvenile delinquency.

This paper makes two main contributions to the literature. It is the first, to my knowl-

edge, to explore the causal impacts of DACA on juvenile crime and student misbehavior.

It has been established that DACA has decreased poverty (Amuedo-Dorantes and Antman,

3See subsection 3.2 for further discussion of this method.
4See subsection 3.3 for further discussion.
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2016), increased educational attainment and college going (Ballis, 2023; Amuedo-Dorantes

and Antman, 2017; Pope, 2016; Kuka et al., 2020), and increased labor force participation

(Pope, 2016). Gunadi (2020) examines whether DACA decreased overall crime rates or the

likelihood of being institutionalized5 for 18-35 year old “undocumented” men,6 finding little

evidence DACA had any impact outside of decreasing overall property crime rates. While

Gunadi examines DACA and crime, there are several key differences between our work: 1)

I focus on a younger age group that could have a quicker reaction to DACA (middle and

high schoolers compared to individuals who are above 18) and 2) I look at individual-level

crime/disciplinary outcomes. Ballis (2023) uses geographic variation in DACA applications

to examine educational investments among high schoolers to determine if DACA had spillover

effects on their U.S. citizen peers, finding that educational investment did increase while

there was no significant evidence of changes in the likelihood of ever being disciplined.7 The

key difference between Ballis’ work and mine is that I examine different disciplinary out-

comes amongst likely undocumented students, while Ballis explores how DACA impacted

the disciplinary outcomes of all students.

Another main contribution of this paper, and another differentiating factor from both

Gunadi (2020) and Ballis (2023), is my unique administrative data. Given this data allows me

to identify students who were both born outside of the U.S. and do not have SSNs, I can more

accurately separate the students who were likely to be affected by DACA from those who were

not. Gunadi (2020), like other works including Amuedo-Dorantes and Antman (2017); Pope

(2016); Kuka et al. (2020); Borjas (2017), define undocumented individuals as Hispanic non-

5Gunadi uses the American Community Survey (ACS) data, which denotes if a respondent is living in an
institution, which includes mental hospitals, elderly homes, jails, etc. Butcher and Piehl (1998) note that
70% of men between the ages of 18 and 35 that are living in institutions are incarcerated.

6While I use an individual-level proxy not seen in the literature before, Gunadi uses the both the residual
method introduced by Borjas (2017) and the Hispanic non-citizen definition found in works like Amuedo-
Dorantes and Antman (2017) and Pope (2016).

7Ballis defines the disciplinary outcome as “ever disciplined,” representing an analysis of the extensive
margin only while I examine both the intensive and extensive margins.
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citizens in the ACS data, while Ballis (2023) using geographic variation in DACA applications

to determine which schools have higher or lower populations of undocumented students.

Alternatively, my method does not restrict based on race/ethnicity8, age, or self-identified

citizenship status. I also benefit from having the entire universe of Texas public school

students, while the ACS is restricted to include only those who filled out the survey.

Beyond the contributions to the previous literature, this project also carries important

policy implications. This analysis identifies and examines how an immigration policy like

DACA affects young peoples’ behaviors, and illuminates further benefits of DACA outside of

those that were its explicit purpose (i.e., safety/security of undocumented childhood arrivals).

This work also has broader implications for disciplinary policy, as it illustrates how student

behavior can be shifted using incentives.

2 Policy & Institutional Background

The Deferred Action for Childhood Arrivals (DACA) program is an immigration program

that provides temporary9 protection from deportation and work authorization to eligible un-

documented immigrants. Started via an executive order from President Obama, the program

began accepting applications in August of 2012. To receive DACA, an individual must:

1. Have arrived in the U.S. before the age of 16

2. Have resided in the U.S. consecutively as an undocumented individual since June 2007

3. Be under the age of 31 in June 2012 and above the age of 15 at application10

8In 2023, about 85% of DACA recipients were originating from Latin American countries (USCIS, 2023).
9Recipients have to re-apply for the program every two years as long as they are eligible, and there is a

$465 fee required to apply or renew (which has since increased $555 in 2025).
10An individual who is younger than 15 years old can apply for DACA if they are currently in the removal

process.
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4. Be currently in school, have graduated high school, earned a GED, or been honorably

discharged from the military

5. Not have any felony convictions, multiple serious misdemeanor convictions, or be oth-

erwise deemed as a threat to national safety/security.

In the first quarter of its existence, there were just over 367,000 DACA applications

received by the U.S. Citizenship and Immigration Services (USCIS), and over 800,000 at its

peak (USCIS, 2012; Batalova et al., 2014). In 2023, there are a little over 550,000 active

DACA recipients (USCIS, 2023), and the total number of undocumented individuals in the

United States is estimated to be around 12 million, roughly 3% of the U.S. population

(Institute, 2019b). On a state level, Texas is home to the second largest population of both

undocumented immigrants and DACA recipients, second only to California (USCIS, 2023).

3 Data

I use the Texas Education Agency’s (TEA) student-level administrative data, accessed

through agreement of the Texas Education Research Center (ERC).11 These data include

all K-12 students who attended public school in Texas from 2000-2024, which is rouhgly 5.2

million students every year.

3.1 Analytic Sample

While I have access to the entire panel of TEA data ranging from 2000 - 2024, I restrict

the time period of my sample specifically to the years 2007 - 2016. Figure 1 shows the plotted

average outcomes year over year for immigrant and no-immigrant disciplinary outcomes in

11The Texas ERC is housed within the University of Texas system, and I specifically work with the center
at UT Austin. The ERC provides access to all TEA data, as well as several other large administrative Texas
data sources, to researchers of approved projects.
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Texas - and in most of the outcomes, the immigrant averages surpass the non-immigrant

averages in 2007. While the reason this occurred is beyond the scope of this project, this

shift does warrant adjusting the study’s time frame to begin in 2007 to ensure that the

parallel trends assumption is upheld. Similarly, the panel stops in 201612 because the Trump

Administration’s legal challenges to DACA began that year, which introduces uncertainty

to DACA’s existence, the effects of which also extend beyond the scope of this project.

In addition to the restrictions placed on the time frame being analyzed, I also narrowed

my sample of students being analyzed to align better with the eligibility criteria of DACA.

Specifically, any immigrant that appeared for the first time in my data at the age of 16 or

later was excluded.13 I also included only students that appeared in my data in 2007 or

earlier, given that another requirement of DACA is that the individual must have resided in

the U.S. since June 2007. These restrictions result in minimal sample size reductions (less

than 1%).

3.2 Proxying for Documentation Status

My identification strategy, as discussed further in section 4, relies on comparing students

who are likely undocumented to those who are not. To build a proxy for undocumented

status, I combine two administrative flags: 1) the “Immigrant” flag and 2) the “Missing

Social Security Number” (SSN) flag. The “Immigrant” flag denotes students who were a)

born outside of the U.S. and its territories and b) who have not attended a U.S. school for

more than three years. The “Missing SSN” flag denotes students who did not provide a

social security number.14 Combining these two, I classify a student as likely undocumented

12The TEA data is denoted by fiscal years, and each school chooses if they run their fiscal calendar from
July to June or August to July. Thus, the analytic time frame looking at fiscal years 2007 to 2016 temporally
runs from July 2007 to August 2017.

13A key requirement of DACA, as discussed in section 2, is that the undocumented individual arrived in
the U.S. before the age of 16.

14U.S. Citizens are assigned a SSN shortly after birth, and folks who are on a visa and are authorized to
work in the U.S. can apply for a SSN (Administration, 2024). Thus, students who are missing their SSN are
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Figure 1: Averages of Each Outcome by Student by Year

Notes: Above shows the plotted averages of the key outcomes of interest for the immigrant (blue) and
non-immigrant (green) groups in each year. Note that in 2007 and continuing for the rest of the pre-period
(prior to DACA’s start in 2012), the immigrant trends surpass the non-immigrant trends for four out of the
five variables of interest. Because of this, I restrict the sample time frame to begin in 2007 in order to hold
this shift constant across the pre-period and satisfy the parallel trends assumption.
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if they both 1) were ever labeled as an immigrant and 2) were ever labeled as missing their

SSN. Thus, the students I am denoting as likely undocumented are students who were born

outside of the U.S., did not attend a U.S. school for three or more years, and are not in

possession of a SSN.15

The summary statistics of the likely undocumented students compared to all others are

in Table 1, using the base year of 2007. 16 On average, the likely undocumented students

are slightly older than those who are not, and they have a higher proportion of Hispanic

and students in Limited English Proficiency (LEP) programs. These students also have a

higher proportion who have lower Socio-Economic Status (SES) and have less students with

disabilities. Otherwise, the two groups are relatively similar.

3.3 Measuring Juvenile Crime and Student Misbehavior

There are five main outcomes of interest: two that measure student misbehavior, and

three that proxy for juvenile crime. The two measures of student misbehavior I include

are in-school and out-of-school suspensions. Both types involve removing a student from

their regular classroom for alternative programming. The main difference between the two

is that in-school suspensions are served on school campus, while out-of-school suspensions

bar students from being on campus during their suspension period. While Out-of-school

suspensions are assigned for more severe disciplinary infractions, both types of suspensions

are most often assigned for infractions that are against the school’s code of conduct but are

not necessarily illegal.

I proxy for juvenile crime using three measures: expulsions, transfers to Disciplinary

Alternative Education Programs (DAEPs), and transfers to Juvenile Justice Alternative

not U.S. citizens and are not authorized to work in the U.S.
15See Appendix B for an exploration of just using the “Immigrant” flag only for the documentation status

proxy.
16Appendix A presents the summary statistics for base year 2012.
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Table 1: Descriptive Statistics

Likely Undocumented Likely Documented

Age 11.318 10.683
(2.956) (3.253)

% At Risk of Dropping Out 0.76 0.57
(0.43) (0.50)

% Gifted And Talented 0.07 0.07
(0.25) (0.26)

% Male 0.51 0.51
(0.50) (0.50)

% Black 0.03 0.24
(0.18) (0.43)

% Hispanic 0.88 0.70
(0.33) (0.46)

% LEP 0.59 0.19
(0.49) (0.40)

% Lower SES 0.83 0.71
(0.37) (0.46)

% Disabled 0.06 0.12
(0.24) (0.33)

% High Attendance 0.94 0.91
(0.24) (0.28)

Students 182, 810 2, 182, 447

Notes: Above are the descriptive statistics for both the likely undocumented and likely documented groups in
the base year 2007. Each variable, outside of age, is measured via indicators, so all averages can be interpreted
as percentages of the population. For example, the likely undocumented group is made up of 88% Hispanics
in 2007, while the likely documented group is made up of 70%. The “At Risk of Dropping Out” variable is an
administrative classification that is calculated based on family economic status, grade proficiency, and other
factors. The “LEP” variable stands for “Limited English Proficiency,” an administrative classification used
for students who are not fully fluent in English. The “Black” and “Hispanic” variables are the percentage of
the total group that are just that race/ethnicity only, excluding individuals who are two or more races. The
“High Attendance” variable denotes the percentage of students who have above average attendance rates
(i.e., attend over 80% of classes).All of these variables are added into the preferred specification as further
controls.
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Education Programs (JJAEPs). Expulsions involve a student being removed from their

original school setting for an indefinite amount of time. Sometimes, expulsions occur in

tandem to transfers to alternative education programs - school settings that are meant to

provide a more controlled space for learning for students who struggle with misbehavior or

other learning difficulties. In Texas, there are two types of alternative education programs:

DAEPs, which are run by the school district, and JJAEPs, which are run by the State. There

are much more DAEPs than JJAEPs, but they otherwise function similarly. A student can

be moved to one of these alternative education programs without being expelled, or can be

expelled to one of these programs. The disciplinary section of the Texas Code of Student

Conduct maintains that multiple factors are considered when assigning a student to these

disciplinary actions, despite the offenses causing these actions being similar. Because of

this variability and overlap, I use all three as proxies for juvenile criminal activity. See

Appendix C for further discussion on the definition of each of these variables.

Table 2 depicts the average outcome levels of the likely undocumented students compared

to all others in the base year of 2007.17 In the base year 2007 (5 years before DACA began),

all of the outcome levels remain similar across both groups.

4 Methodology

I employ a Difference-in-Differences (DiD) methodology to determine the impact of

DACA on juvenile crime and student misbehavior. The first difference is proxied18 doc-

umentation status, comparing students who are likely undocumented to those who are not.

The second difference is temporal, comparing trends before and after DACA began in 2012.

17See Appendix A for the outcome levels in base year 2012.
18As discussed in subsection 3.2, I classify students as likely undocumented if they were 1) ever labeled

as an immigrant AND 2) ever labeled as missing their SSN. I explore an alternative proxy, using just all
students who were ever labeled as an Immigrant, in subsection 3.2.
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Table 2: Outcome Means

Likely Undocumented Likely Documented

In-School Suspensions per student per year 0.399 0.455
(1.416) (1.534)

Out of School Suspensions per student per year 0.16 0.19
(0.75) (0.86)

Expulsions per student per year 0.00 0.00
(0.04) (0.05)

Transfers to DAEP per student per year 0.03 0.03
(0.20) (0.24)

Transfers to JJAEP per student per year 0.00 0.00
(0.04) (0.04)

Students 182, 810 2, 182, 447

Notes: Above are the sub-population means for students who are likely undocumented or documented in the
base year of 2007. DAEP standards for Disciplinary Alternative Education Programs, which are the ones
run by the school districts, while JJAEP stands for Juvenile Justice Alternative Education Programs, the
ones who are run by the state.

4.1 Differences-in-Differences Specification

Equation 1 shows the DiD specification. Given the use of student fixed effects (δi), I am

identifying the treatment effect using within student variations in outcomes year over year.

To control for the portion of variation in these outcomes that are due to the students growing

older, I include birth-cohort19 by year fixed effects, a much more aggressive control than a

linear age variable or age fixed effects.20 I also include school fixed effects21 and a vector of

time-varying22 student controls23 that are unlikely to be respondent to the treatment.24

19Cohort here is defined as the year in which each age group was born.
20See Appendix D for further discussion of these age controls.
21School fixed effects are included to account for differing disciplinary cultures in different schools.
22Because I am using student fixed effects, characteristics of each students that do not vary over time, like

their race or gender, are colinear with the fixed effects and thus drop out of the specification.
23These controls specifically include: gifted and talented program participation, being an unschooled

asylum seeker, being an unaccompanied minor, having Limited English Proficiency (LEP), being disabled,
and transferring schools within the school year.

24This stipulation is made to avoid the use of “bad controls” in my specification (Wooldridge, 2024).
These are variables like Socio-Economic Status (SES) and being labeled as “At-Risk” of dropping out, as
DACA could affect both of these things. Including these as controls would create additional variation in my
specification instead of controlling for it, which is why these, and any other variables that could be impacted
by the treatment, were excluded.
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yicst = β0 + δi + γct + λs + β1(Postt × Undoci) +Xit + ϵicst (1)

Where:

yicst: delinquency outcome y for student i in birth cohort c in school s at time t

δi: student fixed effects

γct: birth cohort by year fixed effects

λs: school fixed effects

(Postt×Undoci): Indicates likely undocumented student (Undoci) in the periods after DACA

(Postt)

Xit: Vector of student-specific, time-varying controls

In order for β1 to be an un-biased DiD coefficient, two assumptions must be upheld: 1)

the Stable Unit Treatment Value Assumption (SUTVA) and the Parallel Trends Assumption

(PTA). SUTVA is broken if the treatment (DACA) affected the control group (students who

are not undocumented). Ballis Ballis (2023) shows that there is evidence of DACA affecting

U.S. citizens through spillovers from their undocumented peers, which means that SUTVA

is likely violated in my case. This means that, because the control group does have some

benefits gained from DACA, any effect I find is likely attenuated. This means that my

estimates are likely lower bounds, and the true causal impact of DACA is greater than what

I am capturing.

The PTA dictates that, absent DACA, both the likely undocumented students and the

likely documented students have similar trends in their outcomes. Figure 2 maps the trend

in outcomes for both the treatment group (blue) and the control group (green) in order to

determine if there is visual evidence that the trends of the two groups diverge. Visually,

the pre-trends prior to 2012 seem to remain parallel in all outcomes, but an Event Study
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analysis is also needed to confirm that this is the case.

4.2 Event Studies

To further explore the extent in which the PTA is upheld, I explore event studies that

examine how the DiD coefficient may change in every year relative to the treatment. Equa-

tion 2 depicts the event studies specification, which is similar to Equation 1 except that

there is an individual coefficient for each year prior to DACA (which began in 2012) and

after, except for in t−1, which is the reference year (2011). The PTA would be broken if the

event study shows pre-trends, i.e., if there are statistically significant impacts of DACA on

periods prior to 2012.

yicst = β0 + δi + γct + λs +

(
Undoci ×

4∑
m=−5
m ̸=−1

βm1[t− 2012 = m]

)
+Xit + ϵicst (2)

4.3 Further Threats to Identification

Despite there being a saturation of controls, there is still the risk that the DiD coefficient,

beta1 in Equation 1, could be mis-identified. The main threat to identification would be if

there is a temporal shock that only affects the treatment group (likely undocumented stu-

dents), which could be the case if, for example, there is a change in cultural/social attitudes

towards immigrants that affects their disciplinary outcomes. Typically, I would include an

undocumented status by time fixed effect, which would control for average differences over

time between the students of different documentation statuses. The issue with including

this control, however, is that it is nearly perfectly collinear with my DiD coefficient. β1 is

identified by comparing 1) the difference across documentation status and 2) the difference

across time, both of which would be subsumed in an undocumented times year fixed effect.
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Figure 2: Averages of Each Outcome by Year

Notes: Above show the raw data trends for each outcome of interest, broken into the immigrant (treatment)
group and the non-immigrant (control) group, year over year. The goal of these figures is to assess if the
Parallel Trends Assumption (PTA) is likely to be upheld, i.e., to ensure prior to treatment in 2012, the
trends of each group move in parallel. Visually, this looks to be the case in all of the outcomes except for in
the Tranfers to JJAEPs outcome, which does show some convergence instead of parallelism.
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5 Results

Table 3 depicts the main DiD results. Column 0 illustrates the DiD coefficients without

any controls, and subsequent columns include more and more controls. The preferred spec-

ification is column 4, which includes all of the controls denoted in Equation 1. Standard

errors are clustered at the student level.

There is a significant and sizable effect of DACA on three outcomes: in-school suspen-

sions, out-of-school suspensions, and transfers to DAEPs. In-school suspensions decreased

10.9% relative to the treatment group’s mean (the last column in Table 3), and out-of-school

suspensions decreased by 16.4%. Transfers to DAEPs decreased by 13.7%. Expulsions and

transfers to JJAEPs also decreased, but those estimates have less precision as more controls

are added.

Figure 3 depicts the event studies following Equation 2 for each outcome. There is no

noticeable pre-trends present in these graphs, which gives some suggestive evidence that the

PTA is upheld.
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Table 3: DiD Results

(0) (1) (2) (3) (4) Mean
Total In-School Suspensions Per Student Per Year -0.07258*** -0.04344*** -0.03853*** -0.03853*** -0.05039*** 0.46177

(0.00496) (0.00438) (0.00437) (0.00438) (0.00440) (1.52012)

Total Out of School Suspensions Per Student Per Year -0.04374*** -0.02896*** -0.02710*** -0.02710*** -0.02750*** 0.16715
(0.00260) (0.00230) (0.00229) (0.00230) (0.00231) (0.78111)

Total Expulsions Per Student Per Year -0.00041*** -0.00022** -0.00019** -0.00019** -0.00018* 0.00171
(0.00010) (0.00009) (0.00009) (0.00009) (0.00010) (0.04251)

Total Transfers to DAEP Per Student Per Year -0.00391*** -0.00499*** -0.00444*** -0.00444*** -0.00390*** 0.02853
(0.00065) (0.00061) (0.00061) (0.00061) (0.00061) (0.21083)

Total Transfers to JJAEP Per Student Per Year -0.00026*** -0.00007 -0.00005 -0.00005 -0.00007 0.00112
(0.00008) (0.00008) (0.00008) (0.00008) (0.00008) (0.03391)

Controls:
Student Fixed Effects ✓ ✓ ✓ ✓
Cohort by Year Fixed Effects ✓ ✓ ✓
School Fixed Effects ✓ ✓
Additional Controls ✓
Sample Size 28,892,159

Notes: See above for the results of DiD specification comparing immigrant students who do not have social security numbers with all other
students. The treatment group average is included in the far right column for reference. Additional controls are: gifted and talented program
participation, being an unschooled asylum seeker, being an unaccompanied minor, having Limited English Proficiency (LEP), being disabled,
and transferring schools within the school year. Estimates are rounded to 5 decimal places, and standard errors are clustered by student. ***
is significant at the α = 0.01 level, ** is significant at the α = 0.05 level, and * is significant at the α = 0.10 level.
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Figure 3: DiD Event Studies

Notes: Above shows the event studies of each of the main outcomes of interest. The treatment group are immigrant students who do not have

social security numbers, and the control group are all other students. These figures show how the DiD estimates change over time pre- and

post-DACA. The point-estimates are represented by the dots, and the lines show the 95% confidence interval.
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6 Heterogeneity Analysis

6.1 Comparing Results only within Race

In the main Difference-in-Difference results, I do not impose any restrictions on the

sample outside of those made to ensure the other DACA eligibility requirements are met, as

explained in subsection 3.1. However, this may mask treatment effect heterogeneity by race,

especially given that most DACA recipients are Hispanic.

Table 4 examines how the DiD results change when adding in restrictions based on race.

The first column reflects the same results shown in Table 3, i.e., the impact of DACA on the

whole population irrespective of race. The second column shows the impact when restricting

the sample to only have students who are non-white in both the treatment and control groups,

and the last column restricts the sample to only specifically have only Hispanic students in

both groups. All columns include all of the controls mentioned in Equation 1. For most

outcomes, the effects are largest for the sample that includes only non-white students, and

smallest for the sample that includes all students irrespective of race. This suggests that the

impact of DACA on non-white students was the greatest, followed by Hispanic students.
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Table 4: DiD Results by Race

All Races % Mean Non-White Only % Mean Hispanic Only % Mean
Total In-School Suspensions Per Student Per Year −0.050 39*** -10.9% −0.075 51*** -16.1% −0.065 43*** -13.3%

(0.00440) (0.00450) (0.00473)
Total Out of School Suspensions Per Student Per Year −0.027 50*** -16.5% −0.041 97*** -24.5% −0.031 65*** -17.7%

(0.00231) (0.00237) (0.00249)
Total Expulsions Per Student Per Year −0.000 18* -10.5% −0.000 22** -12.5% −0.000 17 -9.1%

(0.00010) (0.00010) (0.00010)
Total Transfers to DAEP Per Student Per Year −0.003 90*** 13.7-% −0.006 07*** -20.7% −0.004 34*** -14.2%

(0.00061) (0.00063) (0.00066)
Total Transfers to JJAEP Per Student Per Year −0.000 07 -6.25% −0.000 10 -8.6% −0.000 08 -6.6%

(0.00008) (0.00008) (0.00008)
Sample Size 28,892,159 19,345,062 14,220,741

Notes: Above are the heterogeneity results by race for each outcome. These coefficients are also expressed in terms of percentages of the
restricted treatment groups’ mean, i.e., the mean of the treatment group given the race restriction. Racial restrictions were placed on both
the treatment and controls groups such that these results. So, the ”Non-White” column, for example, compares students who were likely
undocumented and non-white to all other non-white students. All columns include student fixed effects, birth cohort by year fixed effects,
school fixed effects, and the vector of time varying student-level controls. Standard errors are clustered on the student level. *** is significant
at the α = 0.01 level, ** is significant at the α = 0.05 level, and * is significant at the α = 0.10 level.
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6.2 Comparing Results Across Age at DACA Implementation

Another potential area of heterogeneity that may be masked by looking at the full ex-

ample is heterogeneity based on age. Specifically, how do students who are too young to

apply to DACA right away (i.e., are 14 or younger in 2012) compare to those who could

apply immediately? Table 5 examines how the DiD results differ based on age at DACA

implementation.

The DiD effects were much larger for students who were too young to apply right away

than those who weren’t. For example, out-of-school suspensions decreased by 26.46% for the

students who couldn’t apply to DACA immediately, compared to 10.83% for students who

could. A similar story can be seen with the transfers to DAEPs as well: the students who

were too young in 2012 saw decreases of 20.25% whereas the students who could apply right

away saw decreases of 10%. This suggests that DACA did have some deterrence effect on

juvenile crime, since younger kids show effects sizes that are almost double those of the kids

who were older.

Table 5: DiD Results by Age at DACA Implementation

Outcome Too Young Not Too Young
Total In-School Suspensions Per Student Per Year -7.8%*** -1.59%
Total Out of School Suspensions Per Student Per Year -26.46%*** -10.83%***
Total Expulsions Per Student Per Year -19.17% -7.95%
Total Transfers to DAEP Per Student Per Year -20.25%*** -10.07%***
Total Transfers to JJAEP Per Student Per Year -6.34% -2.31%
Number of Observations 12,225,526 7,217,931

Notes: Above show how the DiD results differ for students who were too young to apply to DACA right
away (i.e., were 14 or younger in 2012) compared with students who could apply immediately. Both columns
include the same controls as seen in Equation 1: student fixed effects, cohort by year fixed effects, school
fixed effects, and other student-level time varying controls. Further, both columns are results from restricting
the sample to include only those within the age group. For example, the “Too Young” column shows the
DiD estimates when comparing likely undocumented students who were too young to apply to DACA in
2012 (14 years old or younger) to students who were not likely undocumented but in the same age range.
Both columns’ are expressed in terms of percentages of the treatment group means, and standard errors are
clustered by student. *** is significant at the α = 0.01 level, ** is significant at the α = 0.05 level, and * is
significant at the α = 0.10 level.
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7 Conclusion

The Deferred Action for Childhood Arrivals (DACA) program provides temporary pro-

tection from deportation and work authorization for undocumented childhood arrivals who

meet specific age, residency, education, and criminal history criteria. This project specif-

ically seeks to address how young students react to these criteria, as the requirements for

staying in school and not committing crimes shift their incentives.

Using student-level, restricted access data from Texas and a Difference-in-Differences

(DiD) methodology, there are three key results that should be highlighted. First, across

all specifications and robustness checks, there remains evidence of a significant and sizable

decrease in in-school and out-of-school suspensions, as well as transfers to disciplinary al-

ternative education programs (a proxy for juvenile crime). This suggests that DACA did

cause a decrease in both juvenile crime and student misbehavior. This suggestion is further

strengthened by the results from the expulsions and transfers to juvenile justice alternative

education programs, as both consistently showed negative coefficients, albeit with less sta-

tistical precision than the other results (likely due to the rarity of these two disciplinary

outcomes).

The second key finding of this study is that these results are robust to two different types

of proxy methods, as well as different sample definitions. Further, the magnitude of the

results, in terms of percentage of the treatment group’s mean, is largest when restricting the

sample to only looking at non-white students, but becomes slightly smaller when looking at

only Hispanic students. For example, in Table 4, for students of all races, DACA decrease

in-school suspensions by 10.9%, non-white students by 16.1%, and Hispanic students by

13.3% of each treatment group’s mean. This suggests that DACA had the strongest effect

on non-white students, but slightly less of an affect when narrowing to only include Hispanic

students.
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Thirdly, the effects of DACA differ across age groups, specifically in relation to when

DACA was started. As seen in Table 5, when looking at just the students who were too

young to apply to DACA right away (individuals who were 14 or younger in 2012), their

outcomes decreased by much larger amounts than students who apply to DACA immediately.

This suggests that DACA did have a deterrence impact on crime, as despite being younger,

the students who were too young to apply right away had effect sizes that were nearly double

those of the students who could apply immediately.25

These findings result in several important policy implications. First, they provide ev-

idence that students do respond to incentives, especially in terms of their behavior (and

misbehavior). This knowledge is particularly useful in designing future disciplinary policies,

as shifting incentives can be leveraged to ensure stronger results. Second, these findings

illuminate how, despite being predominantly an immigration policy, DACA had significant

unexplored impacts on the broader society, which speaks to the potential for other federal-

level policies to be leveraged to cause positive social change. Finally, this project adds to

the growing evidence that policies aimed at assisting young undocumented individuals are

helpful to other members of society as well, bolstering the push for an expansion of such

policies in the future.

25See Figure 4 for the strong relationship between age and disciplinary outcomes. Given students who are
14 are on the upward slope, we should see smaller decreases to their outcomes than the kids who could apply
right away. However, we see the opposite, hence why it is likely DACA did deter juvenile crime/misbehavior.
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8 Appendix

Appendix A Summary Statistics using Base Year 2012

See below for the summary statistics of both the characteristics, and the outcome levels,

of the likely undocumented and documented groups in the base year of 2012, as opposed to

2007 like shown in the main body of the paper.

Appendix B Alternate Proxy Method

The main results use a combination of the immigration and missing SSN administrative

flags for documentation status, as explained in subsection 3.2. This method, however, could

potentially be too narrow, as there could be students who have social security numbers but

are still undocumented.26 So, an alternative and broader proxy method is explored in this

section: proxying documentation status by looking at all students who were ever marked as

an immigrant.

Table 8 depicts the results from the DiD specification laid out in Equation 1 using the

Immigrant flag only as the proxy for documentation status instead. Similar to the main

results, DACA is shown to have a negative and significant impact on in-school and out-of-

school suspensions, as well as transfers to DAEPs.

Table 9 compares the results using the different proxy methods. Two main differences

stand out: 1) the immigrant only proxy method returns a significant expulsion result, and

2) the results for the immigrant only flag proxy are larger for all outcomes. This suggests

that the main results are attenuated, and the real causal impact of DACA is larger given

that broadening the proxy group results in a larger estimated impact.

26This could be due to several reasons including: lying about having a SSN, having a fake SSN, using a
parent’s or siblings SSN, etc.
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Table 6: Descriptive Statistics

Likely Undocumented Likely Documented

Age 14.618 13.934
(2.079) (2.147)

At Risk of Dropping Out 0.57 0.51
(0.49) (0.50)

Gifted And Talented 0.09 0.08
(0.29) (0.28)

Male 0.51 0.51
(0.50) (0.50)

Black 0.03 0.22
(0.17) (0.41)

Hispanic 0.88 0.72
(0.32) (0.45)

LEP 0.38 0.14
(0.49) (0.35)

Lower SES 0.83 0.74
(0.37) (0.44)

Disabled 0.07 0.12
(0.25) (0.32)

High Attendance 0.89 0.88
(0.32) (0.33)

Students 103, 683 1, 392, 337

Notes: Above are the descriptive statistics for both the likely undocumented and likely documented groups in
the base year 2012. Each variable, outside of age, is measured via indicators, so all averages can be interpreted
as percentages of the population. For example, the likely undocumented group is made up of 88% Hispanics
in 2012, while the likely documented group is made up of 72%. The “At Risk of Dropping Out” variable is an
administrative classification that is calculated based on family economic status, grade proficiency, and other
factors. The “LEP” variable stands for “Limited English Proficiency,” an administrative classification used
for students who are not fully fluent in English. The “Black” and “Hispanic” variables are the percentage of
the total group that are just that race/ethnicity only, excluding individuals who are two or more races. The
“High Attendance” variable denotes the percentage of students who have above average attendance rates
(i.e., attend over 80% of classes).All of these variables are added into the preferred specification as further
controls.
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Table 7: Outcome Means

Likely Undocumented Likely Documented

In-School Suspensions 0.512 0.581
(1.606) (1.710)

Out of School Suspensions 0.17 0.22
(0.75) (0.92)

Expulsions 0.00 0.00
(0.04) (0.04)

Transfers to DAEP 0.03 0.04
(0.24) (0.26)

Transfers to JJAEP 0.00 0.00
(0.03) (0.04)

Students 103, 683 1, 392, 337

Notes: Above are the sub-population means for students who are likely undocumented or documented in the
base year of 2012. DAEP standards for Disciplinary Alternative Education Programs, which are the ones
run by the school districts, while JJAEP stands for Juvenile Justice Alternative Education Programs, the
ones who are run by the state.
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Table 8: DiD Results using Only Immigrant Flag

(0) (1) (2) (3) (4) Imm. Avg
Total In-School Suspensions Per Student Per Year −0.083 29*** −0.062 66*** −0.057 07*** −0.068 32*** −0.076 05*** 0.4376

(0.00414) (0.00365) (0.00364) (0.00365) (0.00368) (1.4718)

Total Out of School Suspensions Per Student Per Year −0.044 15*** −0.035 61*** −0.033 49*** −0.033 49*** −0.033 84*** 0.1558
(0.00215) (0.00189) (0.00189) (0.00189) (0.00191) (0.7515)

Total Expulsions Per Student Per Year −0.000 42*** −0.000 26*** −0.000 23*** −0.000 23*** −0.000 22*** 0.0017
(0.00009) (0.00008) (0.00008) (0.00008) (0.00008) (0.0420)

Total Transfers to DAEP Per Student Per Year −0.004 77*** −0.006 42*** −0.005 79*** −0.005 79*** −0.005 28*** 0.0275
(0.00055) (0.00052) (0.00051) (0.00052) (0.00052) (0.2064)

Total Transfers to JJAEP Per Student Per Year −0.000 22*** −0.000 07 −0.000 05 −0.000 05 −0.000 06 0.0011
(0.00007) (0.00007) (0.00007) (0.00007) (0.00007) (0.0332)

Controls:
Student Fixed Effects ✓ ✓ ✓ ✓
Cohort by Year Fixed Effects ✓ ✓ ✓
School Fixed Effects ✓ ✓
Additional Controls ✓
Sample Size 28,892,159

Notes: See above for the results of DiD specification comparing immigrant students with non-immigrant students before and after DACA. The
overall average of each outcome for the immigrant group can be seen in the far right column for comparison purposes. Additional controls
are: gifted and talented program participation, being an unschooled asylum seeker, being an unaccompanied minor, having Limited English
Proficiency (LEP), being disabled, and transferring schools within the school year. Standard errors are clustered on the student level, and star
significant levels include: *** is significant at the α = 0.01 level, ** is significant at the α = 0.05 level, and * is significant at the α = 0.10 level.
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Table 9: DiD Results Compared Between Proxy Methods

Outcome Immigrant Flag Only Combo of Immigrant and SSN Flags
Total In-School Suspensions Per Student Per Year -17.4%*** -10.9%***
Total Out of School Suspensions Per Student Per Year -21.7%*** -16.5%***
Total Expulsions Per Student Per Year -12.9%*** -10.5%*
Total Transfers to DAEP Per Student Per Year -19.2%*** -13.7%***
Total Transfers to JJAEP Per Student Per Year -5.5% -6.25%
Number of Observations 1,204,250 888,014

Notes: Above shows the DiD estimates from the specification using just the immigrant flag to proxy for
undocumented status, compared with the specification using the immigrant and missing SSN flags as a proxy.
All results are expressed as percentages of the treatment group’s (the undocumented group of students via
each proxy) mean. Both columns are the results from the most saturated models, which include student
fixed effects, school fixed effects, cohort by year fixed effects, and controls for gifted and talented program
participation, being an unschooled asylum seeker, being an unaccompanied minor, having Limited English
Proficiency (LEP), being disabled, and transferring schools within the school year. Standard errors are
clustered by student, and star significance levels are: *** is significant at the α = 0.01 level, ** is significant
at the α = 0.05 level, and * is significant at the α = 0.10 level.

Appendix C Disciplinary Codes Included in Each Out-

come Measure

The Texas Education Agency (TEA), who owns the student-level data I use for this

project, has multiple different disciplinary codes that I combined into my five outcome

measures. Table 10 explicitly lists which disciplinary codes are included in each outcome

measure.
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Table 10: Disciplinary Codes Included in Each Outcome Measure

Outcome Disciplinary Codes Included
In-School Suspensions

• Partial day in-school suspension

• Full day in-school suspensions

Out-of-School Suspensions

• Partial day out-of-school suspension

• Full day out-of-school suspension

Expulsions

• Expulsions without any alternative educational services of-
fered

• Expulsions to on or off campus DAEPs

• Expulsions to JJAEPs

• Expulsions to JJAEPs by special education officers

Transfers to DAEPs

• Expulsions to on or off campus DAEPs

• Placements in DAEPs without expulsions

• Court-mandated transfers to DAEPs with or without expul-
sions

• Special education transfers to DAEPs without expulsions

Transfers to JJAEPs

• Special Education expulsions to JJAEPs

• Special Education placements in JJAEPs without expulsions

• Non-Special Education expulsions to JJAEPs

• Court-mandated placements in JJAEPs without expulsions

Notes: Above shows the TEA disciplinary codes I included in each of my outcome variables of interest.
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Appendix D Controlling for Age

Given that I use student fixed effects within my main specification (Equation 1), the

variation I am identifying my treatment effect on is within student changes year over year.

However, students also get older year over year, and when students get older, their misbe-

havior increases. For example, a 10 year old will not be arrested, but a 16 year old might.

With student fixed effects, I am comparing a student when they are 16 to themselves when

they are 10 - which means that in order to recover the treatment effect, I need to include

some form of age control.

A linear control for age isn’t sufficient because, as seen in Figure 4, the relationship

between delinquency outcomes and age is not linear. The averages of each variable by age

show relatively similar trends across all outcomes and between both the immigrant and non-

immigrant groups. There is an exponential increase beginning in ages 8-10, there is a peak

between ages 14-16, and then there is an exponential decrease in ages beyond 16. A linear

control variable for age assumes a single direction, and would thus miss-control for the other

half of the picture (i.e., the peak and then decrease).
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Figure 4: Averages of Each Outcome by Student by Age

Notes: Above shows the plotted averages of the immigrant (blue) and non-immigrant (green) groups at each
age in the raw data. The trend lines appear to be similar regardless of the outcome variable, which speaks
to the strong correlation between delinquency and student age. The trends begin to exponentially increase
in ages 8-10, they peak in ages 14 - 16, and then exponentially decrease beyond age 16.
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An alternative to the linear age control would be either a cubic control for age or age

fixed effects. Both of these options, however, assume a stagnant relationship between age

that does not change based on when the student was that age. For example, a 12 year old

in 2010 will be assumed to react the same way as a 12 year old in 2015 if I include either

age fixed effects or a single cubic age control. Figure 5 shows that this is not the case, as

the age trends for different birth cohorts27 vary considerably both between immigrants and

non-immigrants and between cohorts. Thus, a control that assumes a single trend for each

age group regardless of birth year isn’t sufficient.

27Birth cohort is defined as the year of observation minus the student’s age.
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Figure 5: Averages of Each Outcome by Age and Birth Cohort

Notes: Above shows the plotted averages of the immigrant and non-immigrant outcome trends by age
for three different birth cohorts. Birth cohorts are calculated by taking the year of the observation and
subtracting the age of the student. I show three of the largest birth cohorts - those born in 1999, 2000, and
2001. I include these trends delineated between immigrants and non-immigrants to show that even when
looking at immigrant only or non-immigrant only cohorts, there is still considerable variation in the average
trends between cohorts.
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Hence, I take the most aggressive route to control for the variation in outcomes due to

age: including birth cohort by year fixed effects. This creates a control for the interaction

between every age group and every birth year, which soaks up much more variation than any

of the previous controls. Further, this is a dynamic control that allows for the relationship

between age and delinquency outcomes to vary depending on when the student was that

age. This addresses the issue identified prior, as a 12 year old in 2010 would be compared

to only other 12 year olds in 2010, not to 12 year olds in 2015. Thus, the way that I chose

to control for age is via birth cohort by year fixed effects, as it is the most aggressive and

dynamic option.
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Figlio, D. and U. Özek (2019). Unwelcome Guests? The Effects of Refugees on the Educa-

tional Outcomes of Incumbent Students. Journal of Labor Economics 37 (4), 1061–1096.

Freedman, M., E. Owens, and S. Bohn (2018a, May). Immigration, Employment Oppor-

tunities, and Criminal Behavior. American Economic Journal: Economic Policy 10 (2),

117–151.

Freedman, M., E. Owens, and S. Bohn (2018b, May). Immigration, Employment Oppor-

tunities, and Criminal Behavior. American Economic Journal: Economic Policy 10 (2),

117–151.

Geller, A. and N. Mark (2022). Student absenteeism and the role of police encounters.

Criminology & Public Policy 21 (4), 893–914.

Giuntella, O. and J. Lonsky (2020, July). The effects of DACA on health insurance, access

to care, and health outcomes. Journal of Health Economics 72, 102320.

40



Gould, E. D., B. A. Weinberg, and D. B. Mustard (2002, February). Crime Rates and Local

Labor Market Opportunities in the United States: 1979–1997. The Review of Economics

and Statistics 84 (1), 45–61.

Gunadi, C. (2020, October). Does immigrant legalization affect crime? Evidence from

deferred action for childhood arrivals in the United States. Journal of Economic Behavior

& Organization 178, 327–353.

Gunadi, C. (2021, January). On the association between undocumented immigration and

crime in the United States. Oxford Economic Papers 73 (1), 200–224.

Han, S. and M. Akiba (2011, March). School Safety, Severe Disciplinary Actions, and School

Characteristics: A Secondary Analysis of the School Survey on Crime and Safety. Journal

of School Leadership 21 (2), 262–292.

Hernandez, M. (2019, March). Is There No Excuse? The Effects of the New Orleans School

Reforms on School Discipline. Education Research Alliance for New Orleans .

Hsin, A. and F. Ortega (2018, August). The Effects of Deferred Action for Childhood Arrivals

on the Educational Outcomes of Undocumented Students. Demography 55 (4), 1487–1506.

Impactlaw.com (2020). Juvenile Crime Demographics - Gender, Race, and Age - Impact

Law. https://www.impactlaw.com/criminal-law/juvenile/demographics.

Institute, M. P. (2019a). Fact Sheet: Number of Dreamers Graduating from High School.

Institute, M. P. (2019b). Profile of the Unauthorized Population - US.

https://www.migrationpolicy.org/data/unauthorized-immigrant-population/state/US.

Jann, B. Coefplot - Plotting regression coefficients and other estimates in Stata.

https://repec.sowi.unibe.ch/stata/coefplot/help-file.html#stlog-1-options.

41



Kalvin, C. B. and K. L. Bierman (2017, November). Child and Adolescent Risk Factors

that Differentially Predict Violent versus Nonviolent Crime. Aggressive behavior 43 (6),

568–577.

Kang, H.-K. and D. L. Burton (2014, November). Effects of Racial Discrimination, Childhood

Trauma, and Trauma Symptoms on Juvenile Delinquency in African American Incarcer-

ated Youth. Journal of Aggression, Maltreatment & Trauma 23 (10), 1109–1125.

Kaushal, N. (2006, July). Amnesty Programs and the Labor Market Outcomes of Undocu-

mented Workers. Journal of Human Resources XLI (3), 631–647.

Keane, M. P. and K. I. Wolpin (1997). The Career Decisions of Young Men. Journal of

Political Economy 105 (3), 473–522.

Kim, J. and J. L. Herman. Understanding Patterns and Precursors of ELL Success Subse-

quent to Reclassification.

Kossoudji, S. A. and D. A. Cobb-Clark (2002). Coming out of the Shadows: Learning about

Legal Status andWages from the Legalized Population. Journal of Labor Economics 20 (3),

598–628.

Kuka, E., N. Shenhav, and K. Shih (2020, February). Do Human Capital Decisions Re-

spond to the Returns to Education? Evidence from DACA. American Economic Journal:

Economic Policy 12 (1), 293–324.

Lacoe, J. and M. P. Steinberg (2019, March). Do Suspensions Affect Student Outcomes?

Educational Evaluation and Policy Analysis 41 (1), 34–62.

Landgrave, M. and A. Nowrasteh (2020, April). Illegal Immigrant Incarceration Rates, 2010–

2018: Demographics and Policy Implications. https://www.cato.org/publications/policy-

analysis/illegal-immigrant-incarceration-rates-2010-2018-demographics-policy.

42



Lee, L.-F., X. Liu, E. Patacchini, and Y. Zenou (2021, July). Who is the Key Player? A Net-

work Analysis of Juvenile Delinquency. Journal of Business & Economic Statistics 39 (3),

849–857.

Legewie, J., A. Hsin, N. Harder, and L. Martén (2022). Local Policing and the Educational

Outcomes of Undocumented College Students. Sociological Science 9, 406–429.

Legislature, T. S. Education Code, Title 2: Public Education. Subtitle G: Safe Schools.

Chapter 37: Discipline.

Light, M. T., J. He, and J. P. Robey (2020, December). Comparing crime rates between

undocumented immigrants, legal immigrants, and native-born US citizens in Texas. Pro-

ceedings of the National Academy of Sciences 117 (51), 32340–32347.

Marchingiglio, R. Diversity in Schools: Immigrants and the Educational Performance of

U.S. Born Students.

Mariani, M. and M. Schiff (2024). The Importance of Prevention in School Safety Planning

and Response. Journal of School Health n/a(n/a).

Martin, M. J., B. McCarthy, R. D. Conger, F. X. Gibbons, R. L. Simons, C. E. Cutrona,

and G. H. Brody (2011). The Enduring Significance of Racism: Discrimination and Delin-

quency Among Black American Youth. Journal of Research on Adolescence 21 (3), 662–

676.

Masterson, D. and V. Yasenov (2021, August). Does Halting Refugee Resettlement Reduce

Crime? Evidence from the US Refugee Ban. American Political Science Review 115 (3),

1066–1073.

Mastrobuoni, G. and P. Pinotti (2015). Legal Status and the Criminal Activity of Immi-

grants. American Economic Journal: Applied Economics 7 (2), 175–206.

43



McHugh, M. (2014). Diploma, Please: Promoting Educational Attainment for DACA- and

Potential DREAM Act-Eligible Youth. Migration Policy Institute.

Miles, T. J. and A. B. Cox (2014). Does Immigration Enforcement Reduce Crime? Evidence

from Secure Communities. The Journal of Law & Economics 57 (4), 937–973.

Mocan, H. N. and D. I. Rees (2005, October). Economic Conditions, Deterrence and Juvenile

Crime: Evidence from Micro Data. American Law and Economics Review 7 (2), 319–349.

MOEHLING, CAROLYN. and A. M. PIEHL (2009, November). Immigration, Crime, and

Incarceration in Early Twentieth-Century America. Demography 46 (4), 739–763.

Monarrez, T. (2017, December). From Dreamer to DACAmented: Understanding the Edu-

cational Choices of Undocumented Immigrants in Texas. Policy Brief. Technical report,

Texas Education Research Center.

Morales, C. (2022, August). Do refugee students affect the academic achievement of peers?

Evidence from a large urban school district. Economics of Education Review 89, 102283.

Naqvi, A. DiD Stata Code Resources. https://asjadnaqvi.github.io/DiD/docs/code/06 01 twfe/.

Nicholls, W. J. (2013). The DREAMers: How the Undocumented Youth Movement Trans-

formed the Immigrant Rights Debate. Stanford: Stanford University Press.

Nowrasteh, A. (2021, May). Criminal Immigrants in Texas in 2019: Illegal Immigrant

Conviction Rates and Arrest Rates for Homicide, Sex Crimes, Larceny, and Other Crimes.

https://www.cato.org/immigration-research-policy-brief/criminal-immigrants-texas-2019.

NPR (2007, April). The Immigration Debate. https://www.npr.org/series/5310549/the-

immigration-debate.

44



Office of Juvenile Justice and Delinquency Prevention (2020a). Arrests by offense, age, and

gender. https://www.ojjdp.gov/ojstatbb/crime/ucr.asp?table%20in=2.

Office of Juvenile Justice and Delinquency Prevention (2020b). Demographic Characteristics

of Youth Arrests. https://ojjdp.ojp.gov/statistical-briefing-book/crime/faqs/qa05104.

Office of Juvenile Justice and Delinquency Prevention (2020c). Estimated number of youth

arrests. https://ojjdp.ojp.gov/statistical-briefing-book/crime/faqs/qa05101.

Olden, A. and J. Møen (2022, September). The triple difference estimator. The Econometrics

Journal 25 (3), 531–553.

Orrenius, P. and M. Zavodny (2019, September). Do Immigrants Threaten US Public Safety?

Journal on Migration and Human Security 7 (3), 52–61.

Parlapiano, A. and K. Yourish (2017, September). A Typical ‘Dreamer’ Lives in Los Angeles,

Is From Mexico and Came to the U.S. at 6 Years Old. The New York Times .

Patler, C. (2018, December). To Reveal or Conceal: How Diverse Undocumented Youth

Navigate Legal Status Disclosure. Sociological Perspectives 61 (6), 857–873.

Pearson, T. (2021, December). Immigration Policy, Crime Reporting, and Victimization:

Evidence from Deferred Action for Childhood Arrivals.

Pearson, T. (2024, September). The impact of immigration status on crime reporting: Evi-

dence from DACA. Journal of Urban Economics 143, 103670.

Pesta, R. (2018, October). Labeling and the Differential Impact of School Discipline on Neg-

ative Life Outcomes: Assessing Ethno-Racial Variation in the School-to-Prison Pipeline.

Crime & Delinquency 64 (11), 1489–1512.

45



Pierce, Jessica Bolter, S. P. M. C. J. B. a. S. M. C. (2017, October). Will

White House Immigration Wish List Tank Emerging DREAMer Momentum in

Congress? https://www.migrationpolicy.org/article/will-white-house-immigration-wish-

list-tank-emerging-dreamer-momentum-congress.

Pinotti, P. (2017, January). Clicking on Heaven’s Door: The Effect of Immigrant Legalization

on Crime. American Economic Review 107 (1), 138–168.

Pope, N. G. (2016, November). The Effects of DACAmentation: The Impact of Deferred

Action for Childhood Arrivals on Unauthorized Immigrants. Journal of Public Eco-

nomics 143, 98–114.

Rambachan, A. and J. Roth (2023, September). A More Credible Approach to Parallel

Trends. Review of Economic Studies 90 (5), 2555–2591.

Rivera-Batiz, F. L. (1999). Undocumented Workers in the Labor Market: An Analysis of

the Earnings of Legal and Illegal Mexican Immigrants in the United States. Journal of

Population Economics 12 (1), 91–116.

Singer, A. and N. P. Svajlenka (2013). Immigration Facts: Deferred Action for Childhood

Arrivals (DACA). Brookings Institute.

Singer, A., N. P. Svajlenka, and J. H. Wilson (2015). Local Insights From DACA for Imple-

menting Future Programs for Unauthorized Immigrants. Metropolitan Policy Program at

Brookings .

Smith, D., N. A. Ortiz, J. J. Blake, M. Marchbanks, A. Unni, and A. A. Peguero (2021,

December). Tipping Point: Effect of the Number of In-school Suspensions on Academic

Failure. Contemporary School Psychology 25 (4), 466–475.

46



Spenkuch, J. L. (2014). Understanding the Impact of Immigration on Crime. American Law

and Economics Review 16 (1), 177–219.

Stokes, E. LibGuides: Deferred Action for Childhood Arrivals (DACA): DACA History.

https://libguides.law.asu.edu/DACA/history.

Ullman, R., S. T. Lereya, F. Glendinnin, J. Deighton, A. Labno, S. Liverpool, and

J. Edbrooke-Childs (2024, March). Constructs associated with youth crime and violence

amongst 6-18 year olds: A systematic review of systematic reviews. Aggression and Violent

Behavior 75, 101906.

U.S. Department of Education Office of Civil Rights (2023a, January). Referrals to Law

Enforcement and School-Related Arrests in U.S. Public Schools.

U.S. Department of Education Office of Civil Rights (2023b, November). Referrals to Law

Enforcement and School-Related Arrests in U.S. Public Schools During the 2020-21 School

Year.

USCIS. Memorandum on Rescission Of DACA. https://www.dhs.gov/archive/news/2017/09/05/memorandum-

rescission-daca.

USCIS (2012). Deferred Action for Childhood Arrivals (DACA) Report (Aug 15 - Dec 13,

2012). https://www.uscis.gov/sites/default/files/document/data/daca-report-aug-15-dec-

13-2012.pdf.

USCIS (2013). Characteristics of Individuals Requesting and Approved for Deferred Action

for Childhood Arrivals (DACA).

USCIS (2017). Approximate Active DACA Recipients.

https://www.uscis.gov/sites/default/files/document/data/daca population data.pdf.

USCIS (2023). Count of Active DACA Recipients.

47



van der Werf, C. (2018). The Impact of Refugees on Native Students’ Academic Achievement

and Post-secondary Education. Working Paper .

Wang, M.-T., J. Del Toro, C. L. Scanlon, and J. P. Huguley (2024, April). The spillover

effect of school suspensions on adolescents’ classroom climate perceptions and academic

achievement. Journal of School Psychology 103, 101295.

Wooldridge, J. M. (2024). A Formal Investigation of “Bad” Controls.

Yang, Y. and K. C. Land (2016, April). Age-Period-Cohort Analysis: New Models, Methods,

and Empirical Applications. New York: Chapman and Hall/CRC.

Zong, J. and J. Batalova (2019). How Many Unauthorized Immigrants Graduate from U.S.

High Schools Annually? Fact Sheet .

48


	Introduction
	Policy & Institutional Background
	Data
	Analytic Sample
	Proxying for Documentation Status
	Measuring Juvenile Crime and Student Misbehavior

	Methodology
	Differences-in-Differences Specification
	Event Studies
	Further Threats to Identification

	Results
	Heterogeneity Analysis
	Comparing Results only within Race
	Comparing Results Across Age at DACA Implementation

	Conclusion
	Appendix
	Summary Statistics using Base Year 2012
	Alternate Proxy Method
	Disciplinary Codes Included in Each Outcome Measure
	Controlling for Age

