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With increased tensions and political rhetoric surrounding immigration enforcement in the United States, schools are facing
greater challenges in ensuring support for their students of immigrant and Latino/a origin. This study examined the associa-
tions between deportations near school districts and racial/ethnic gaps in educational outcomes in school districts across the
country. With data from the Stanford Educational Data Archive, the Civil Rights Data Collection, and the Transactional
Records Access Clearinghouse, this study used longitudinal, cross-sectional analyses and found that in the years when dis-
tricts had more deportations occurring within 25 miles, White-Latino/a gaps were larger in math achievement and rates of
chronic absenteeism. No associations were found for gaps in English language arts achievement or rates of bullying.
Implications for researchers, policymakers, and school leaders are discussed.
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SchooLs are at the forefront of the current national immigra-
tion crisis. Current estimates indicate that 10.7 million peo-
ple, just over half of whom are of Mexican origin, are living
in the United States without formal legal status (Passel &
Cohn, 2018). Roughly 675,000 children under the age of 18
years are included in this total (Passel & Cohn, 2018).
Moreover, approximately 5 million children, or 7% of all
children enrolled in public and private K—12 schools in the
United States, are living with at least one undocumented par-
ent (Passel & Cohn, 2018). Immigration policies, including
those that govern enforcement, thus have the potential to
exert widespread influence on the lives of millions of stu-
dents in U.S. schools, particularly immigrant-origin and/or
Latino/a students, whose families are often the direct targets
of vitriolic political rhetoric and punitive policies (Chaudry
et al., 2010; Dreby, 2015). This study examined the relation-
ship between the deportations conducted by the Office of
Immigration and Customs Enforcement (ICE) and racial/
ethnic gaps in educational outcomes in school districts
across the United States between 2009 and 2016. Our study
examined the extent of these associations within a frame-
work that focuses on the large potential for exacerbated gaps
between White and Latino/a students.

Between 2009 and 2016, nearly 5.3 million people were
deported, more than half a million of whom were parents of
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U.S.-citizen children (Chishti et al., 2017). These figures
reflect a dramatically stepped up deportation operation,
resulting in critics disapprovingly naming President Barack
Obama the “Deporter in Chief.” Part of this increase in
deportations resulted from the Secure Communities policy,
which was in place between 2008 and 2013. It required local
and state law enforcement agencies to automatically submit
the fingerprints of arrested individuals to the U.S. Department
of Homeland Security’s Automated Biometric Identification
System to identify people who were “unlawfully present in
the U.S. or otherwise removable” (U.S. Office of Immigration
and Customs Enforcement, 2018). The Secure Communities
policy was suspended in November 2014 and replaced by
the 2014 Priorities Enforcement Program, which more nar-
rowly targeted unauthorized immigrants who had been con-
victed of serious crimes and modified the local and state
reporting requirements regarding detained immigrants
(Winkowski & Kerlikowske, 2014). Beginning in August
2013, immigration enforcement followed the guidelines of
“prosecutorial discretion,” an approach intended to take into
consideration family ties in the United States (including
U.S.-citizen children) and prioritize deportation of individu-
als who posed risks to national security or public safety
(Zatz & Rodriguez, 2015). Despite these changes, the large
numbers of deportations effectuated during the Obama
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presidency had serious implications for the well-being of
individuals and families (Capps et al., 2016); Gelatt et al.,
2017).

Tougher immigration enforcement was a cornerstone of
President Donald Trump’s campaign platform, and in the
first days in office, he began moving swiftly to fulfill these
promises. Almost immediately, the Department of Homeland
Security abandoned prosecutorial discretion and reinstated
the Secure Communities policy. Both changes have resulted
in a major increase in deportations and heightened fears of
deportation among immigrants and their children (Dickerson,
2017). In addition to repeated threats from the U.S.
Department of Justice (2018) to withhold federal funding to
“sanctuary cities” that fail to release information about
arrests to federal agents, ICE has ramped up the number of
arrests of undocumented immigrant parents occurring near
school grounds and other formerly sensitive locations such
as hospitals and court houses (Burnett, 2017; Meltzer, 2017;
Nieto-Munoz, 2018). This marks a stark reversal in tactics
from those utilized under the previous administration (Zatz
& Rodriguez, 2015). It also raises important questions about
the in-school effects of deportations on students and how
students’ educational outcomes—particularly those of which
factor into school accountability metrics—may be affected
by different immigration policies.

Although many of the key Obama-era policies have since
been changed, this study provides an evidence base for the
influence of deportations on racial/ethnic gaps in educa-
tional outcomes from 2009 to 2016, on which future studies
using data from the current ICE regime can build. We ask the
following research questions:

Research Question I: What is the association between
deportations and racial/ethnic achievement gaps in
elementary and middle school districts?

Research Question 2: What is the association between
deportations and racial/ethnic gaps in rates of chronic
absenteeism in elementary and secondary school dis-
tricts?

Research Question 3: What is the association between
deportations and racial/ethnic gaps in rates of overall
bullying and rates of bullying based on race in elemen-
tary and secondary school districts?

Background and Theoretical Framework

There is a growing body of literature examining the chal-
lenges associated with being undocumented and/or living in
mixed-status families. Evidence suggests that children of
unauthorized immigrant parents (who may themselves be
unauthorized) have a greater propensity to suffer from anxi-
ety, stress, and other mental health disorders (Chaudry et al.,
2010; Gonzales et al., 2013; Hainmueller et al., 2017; Suarez-
Orozco et al., 2011; Zayas et al., 2015). Additionally, children

living with unauthorized parents are less likely to be enrolled
in early-childhood education programs (Yoshikawa, 2011),
tend to have slower cognitive and language development
(Yoshikawa, 2011; Yoshikawa & Kholoptseva, 2013), and on
average have less access to health and medical care (Vargas,
2015; Vargas & Pirog, 2016).

Recent studies have begun to isolate the effects of immi-
gration enforcement on a range of outcomes, including food
insecurity and material hardship (Amuedo-Dorantes et al.,
2018; Potochnick et al., 2017), foreclosures (Rugh & Hall,
2016), and students’ educational engagement and perfor-
mance. In one study, Amuedo-Dorantes and Lopez (2015)
found that among children of “likely unauthorized immi-
grants,” the probability of repeating a grade increased by 6%
and the probability of dropping out increased by 25.2% with
increases in immigration enforcement. In another study,
Bellows (2019) examined the effects of the staggered rollout
of the Secure Communities policy on student achievement
measures using the Stanford Education Data Archive
(SEDA) and found that the implementation of Secure
Communities and its associated removals had a negative
impact on both Latino/a and non-Latino/a Black students’
scores in English language arts (ELA) as well as non-
Latino/a Black students’ scores in math. Work by Dee and
Murphy (2019) also showed that agreements between ICE
and local police to enforce immigration laws had strong
effects on Latino/a student mobility. They found that local
ICE partnerships reduced the number of Latino/a students by
almost 10% in a 2-year period, with nearly 300,000 Latino/a
students moving districts between 2000 and 2010.

Less research has focused specifically on the conse-
quences of enforcement on student absenteeism, although
media coverage has shown substantial effects, at least in the
short term (Blitzer, 2017, 2018). In one study using data from
the Early Childhood Longitudinal Study: Kindergarten Class
of 201011, Sattin-Bajaj and Kirksey (2019) found that an
increase in the number of apprehensions by a child’s nearest
immigration enforcement jurisdiction was associated with a
decrease in absenteeism in kindergarten. They interpret this
finding to suggest that under certain conditions—specifically
when immigration enforcement policies are guided by
humanitarian concerns, such as family ties in the United
States, which was the case in the latter part of Obama’s sec-
ond term—schools may be perceived by families as sanctuar-
ies, at least for children in kindergarten. Sattin-Bajaj and
Kirksey also explored these relationships in a small, urban
California secondary school district using reports of ICE
raids and arrests occurring in the city as the measure for
immigration enforcement. Results suggest that each docu-
mented ICE raid in the residential areas of the school district
was associated with two additional periods of absence from
school for every student in the high school district. This asso-
ciation was stronger for migrant students and Latino/a stu-
dents, and during the 20162017 school year—the first year



when ICE operated under the Trump administration. These
findings contributed to the purpose of this study, which was
to examine whether deportations are related to exacerbated
racial/ethnic gaps in outcomes for Latino/a students.

There is also mounting evidence about the negative rela-
tionship between heightened immigration enforcement poli-
cies and anti-immigrant rhetoric, and students’ (and adults”)
well-being inside and outside schools. According to data
released by the Federal Bureau of Investigation, hate crimes
in K—12 schools and colleges increased by 25% in 2017, the
second year in a row of growth of this magnitude (U.S.
Department of Justice, 2018). Moreover, in a 2018 Pew
Research Center survey, about half the Latino/a respondents
said that the situation for Latino/as in the United States had
worsened over the past year, the majority worried that they
or someone they know could be deported, and two thirds
said that the Trump administration’s policies were harmful
to Latino/as (Lopez et al., 2018). These patterns were
reflected in a study of bullying by Huang and Cornell (2019),
which found that in school localities in Virginia, in which a
majority of voters had supported Trump in the 2016 election,
student rates of reporting bullying incidents were 18% and
9% higher for responses indicating that they had been teased
“because of their race or ethnicity,” respectively. The authors
found no meaningful differences across schools for these
two indicators before the 2016 presidential election. Finally,
a survey by the Civil Rights Project at the University of
California, Los Angeles, reported school personnel’s percep-
tions of the widespread and troubling consequences of the
current immigration enforcement regime on immigrant (and
other) students’ physical and mental health and educational
engagement (Gandara & Ee, 2018). Considering the size of
the population of students (and parents) affected by issues
related to unauthorized immigration status, there is a need
for additional studies that systematically examine the impli-
cations of immigration enforcement on achievement mea-
sures alongside students’ socio-emotional and physical
safety in school.

Theoretical Framework

The notion of a pyramid of enforcement effects on chil-
dren of immigrants (Dreby, 2012) is the key framework guid-
ing our study. This framework considers the wide-ranging
consequences of immigration enforcement policies for chil-
dren with parents who are citizens, children with parents who
are legal immigrants, and children with parents who are
unauthorized immigrants. In this conceptualization, there are
numerous ways in which deportations might relate to racial/
ethnic gaps in educational outcomes for elementary and sec-
ondary schools in districts. In this study, we examined gaps in
achievement, chronic absenteeism, and bullying as three dis-
crete outcomes because, while they are interrelated, we
hypothesized that deportations may affect each differently.
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Academic Achievement. To begin, repeated studies of the
achievement gaps between White and Latino/a students
show a large and persistent gap in student proficiency as
measured by standardized tests. At the national level, results
from the National Assessment of Educational Progress indi-
cate improvement in Latino/a students’ performance over
time and a slight narrowing of achievement gaps since the
1990s, but Latino/a fourth- and eighth-grade students con-
tinue to score significantly below their White peers. Hansen
and colleagues (2018) analyzed the most recent results and
found that Latino/a eighth graders’ median math score was at
the 25th percentile in the distribution of White students’
math and reading scores. In their study of achievement gaps
among elementary school districts using data from the Early
Childhood Longitudinal Study—Kindergarten Class of
1998-99, Reardon and Galindo (2009) identified variation
in the size of the White-Latino/a achievement gaps by
Latino/a subgroups by categorizing Latino/a students
according to national/regional origin, immigrant generation,
socioeconomic status, and language use. Significantly, they
documented sizable differences in students’ math and read-
ing skills on entry into kindergarten and showed a reduction
in the gap (by about a third) in the first 2 years of children’s
schooling. However, there was limited further narrowing of
the gap over time, helping explain the ongoing disparities in
Latino/a and White students’ educational trajectories.

Scholars have attributed the gaps in White and Latino/a
students’ achievement in part to unequal educational oppor-
tunities (Galindo & Reardon, 2006; Gandara & Aldana,
2014), language proficiency (Fry, 2008; Kieffer, 2010), as
well as family socioeconomic factors (Fryer & Levitt, 2006).
The consequences of immigration enforcement and the asso-
ciated psychological, physical, and material implications for
students have not been adequately investigated. The current
political and policy context dominated by anti-immigrant
rhetoric and activities renders it essential to focus on how
students are being affected and what these actions mean for
achievement gaps.

Nonachievement QOutcomes. Separate from achievement,
absenteeism may either increase or decrease depending on
whether individual students and families see their particular
school as a safe place to be in times of increased risk of
deportation or arrest. Although school attendance and
achievement are strongly linked (Balfanz & Byrnes, 2006;
Gottfried, 2010), the educational performance of those stu-
dents likely affected by immigration enforcement may be
depressed even if they are not absent. The significant psy-
chological and health effects of “living in limbo” (Gonzales,
2015) may be evident among those students who continue to
attend school despite ramped-up immigration enforcement.
Last, while bullying is closely associated with declining
achievement and engagement and long-term mental health
issues among young people (Benedict et al., 2014; Eisenberg
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etal., 2003; Juvonen et al., 2011; McDougall & Vaillancourt,
2015), we chose to examine it as a separate outcome to
detect the unique effects of immigration enforcement on this
aspect of students’ experiences in schools.

Some studies have attempted to analyze the effects of
immigrant enforcement on students in families with undocu-
mented immigrant members by estimating the “likely
undocumented” populations (see Amuedo-Dorantes &
Lopez, 2015, Hainmueller et al., 2017). Other recent research
has operationalized Dreby’s framework by expanding the
analyses to include all Latino/a students—regardless of par-
ents’ legal status (Capps et al., 2015; Gandara & Ee, 2018).
This suggests that the relatives, friends, and peers of immi-
grant-origin students are within the scope of potential
impacts of immigration enforcement policy. For example,
Arbona and colleagues (2010) found similar levels of fear
associated with deportation among students with authorized
immigrant parents as among students with unauthorized
immigrant parents. Gandara and Ee (2018) conducted a sur-
vey of roughly 750 schools in school districts across the
country asking teachers, school counselors, and administra-
tors about the impacts of immigration enforcement on stu-
dents and schools. Their results suggest that in schools with
the highest concentrations of immigrant-origin children, all
students suffered academically and psychologically from the
fear and trauma associated with deportation. We follow the
approach taken by these and other scholars of immigration
enforcement who examine the total effect of immigration
enforcement activities and policies on Latino/a students and
compare this with the effect on non-Latino/a peers (Bellows,
2019; Dee & Murphy, 2019).

The present study contributes to the existing literature in
a number of ways. First, to our knowledge, this is the first
study to use a large, national data set to geocode deportation
data from more than 250 locations across the United States.
Thus, our study has a particular focus on how deportations
might predict educational outcomes based on proximity.
Additionally, our study is the first to exploit longitudinal and
cross-sectional variation in deportations for school districts
at such scale. This is key to identifying and generalizing the
true effects of immigration enforcement on Latino/a students
in U.S. school districts and avoid confounding the estimates
with other time-variant factors. According to the U.S.
Immigration and Customs Enforcement (n.d.) website, vari-
ation in the rate and frequency of deportations may be due to
a number of factors, including: “1) the level of cooperation
from state and local law enforcement partners; 2) the level of
illegal migration; and 3) changing migrant demographics.”
Given the well-documented differences in the types of laws
and provisions adopted and the degree of cooperation or
resistance to federal immigration enforcement within and
across states (Capps et al., 2018; Gelatt et al., 2017), varia-
tion in ICE activities provides a valuable opportunity for
empirical investigation of their impacts. Moreover, this

study is the first to examine both achievement and non-
achievement measures for school districts in relation to
deportations from two large, national data sets. Finally, this
study stands to identify future directions for research and
policy concerned with understanding (and responding to)
the multitude of ways in which immigration enforcement
relates to racial/ethnic gaps in educational outcomes for
districts.

Method
Data

To examine the relationship between deportations and
gaps in educational outcomes in elementary and secondary
school districts, we utilized two data sets with information
on all public school districts in the United States: the SEDA
and the Civil Rights Data Collection (CRDC). To answer the
first research question, we relied on the SEDA data set,
which provides data on educational contexts and grade-level
achievement gaps in school districts from 2009 to 2015
(Reardon et al., 2016). To answer Research Questions 2 and
3, we relied on the CRDC data set, which is publicly avail-
able from the U.S. Department of Education’s Office of
Civil Rights for the 2013-2014 and 2015-2016 school years.
CRDC contains district-level information on student enroll-
ment, educational programming for students, chronic absen-
teeism, and reports of bullying disaggregated by race/
ethnicity, grade, disability status, and English learner status.
Each data set was used separately for the analyses given that
there was just 1 year of overlap between the two publicly
available data sets.

Deportation data come from the Transactional Records
Access Clearinghouse (TRAC), which is a research and data
distribution organization based at Syracuse University.
Given our study’s focus on how school districts are existing
in a situation of heightened immigration enforcement, we
narrowed our analyses to examine school districts with
schools within 1 standard deviation of the mean distance to
areas from where individuals in the United States were
deported: 100 miles. After narrowing down to this set of dis-
tricts, we then restricted the sample to include districts for
which complete, nonmissing data were observed for 2 years
or more. After these restrictions, we arrived at a final ana-
lytic sample of N = 228,780 district grade-level observa-
tions for analyses using SEDA and N = 12,710 district-level
observations for analyses using CRDC.

Outcomes. The first set of outcomes in this study were dis-
trict-level ELA and math racial/ethnic achievement gaps in
2009 to 2015 on state-mandated assessments for Grades 3 to
8. By transforming state assessment data to make cross-
state, cross-grade comparisons, SEDA allows us to examine
the district-level standardized achievement gaps between
White students’ mean achievement and non-White students’



mean achievement (Reardon et al., 2016). Specifically, we
used the White-Latino/a, White-Asian, and White-Black
ELA and math achievement gap variables provided in the
data set. Precision-weighted mean outcomes from the SEDA
data are listed in Table 1 along with available time-varying
covariates, which are detailed in the table. The use of preci-
sion weighting accounts for the fact that many of the /obser-
vations’ assessment scores have standard errors that are
larger than the means, so as suggested by Reardon et al.
(2016), we have used precision weighting to discount these
observations.

When examining these gaps in Table 1, note that a posi-
tive number indicates that White students in the districts
tend to perform better on state assessments than non-White
students; whereas a negative number indicates that White
students in the districts tend to perform worse on state
assessments than non-White students. An outcome of 0
would indicate that there is no achievement gap between
White and non-White students.

To answer the second research question, racial/ethnic
gaps in the rates of chronic absenteeism in 2013-2014 and
2015-2016 were derived from CRDC, which provides the
number of chronically absent students, disaggregated by
race/ethnicity. While there is no consensus in research or
policy on the definition of chronic absenteeism, it is most
frequently defined as missing 10% or more of the school
year (Gottfried & Hutt, 2019). But while states define
chronic absenteeism differently across the United States, the
Office of Civil Rights defines chronic absenteeism as miss-
ing 15 or more days of the school year. With this definition,
districts were asked to report the number of students who
were chronically absent. We divided these numbers by the
number of enrolled students by race/ethnicity in the district
to calculate the variables for the rates of chronic absenteeism
among Latino/a, Asian, Black, and White students. Finally,
given our focus on gaps in educational outcomes, we sub-
tracted the Latino/a, Asian, and Black rates from the White
rates. This yields the gaps in chronic absenteeism rates
between White and non-White students, which are shown in
Table 2. A positive number indicates that White students had
higher rates of chronic absenteeism than non-White stu-
dents, and a negative number indicates that White students
had lower rates of chronic absenteeism than non-White stu-
dents. As seen from Table 2, the gaps between White and
Latino/a students and White and Black students favored
White students, and the gap between White and Asian stu-
dents favored Asian students.

Similarly, gaps in overall bullying rates and rates of bul-
lying based on race were also calculated using data from
CRDC. Reported numbers of incidents for each racial/ethnic
subgroup were divided by the number of students enrolled
by race/ethnicity. Finally, we subtracted the bullying rates
for Latino/a, Asian, and Black students from those of White
students, and descriptive statistics for these outcomes are
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also listed in Table 2. A positive number indicates that White
students experienced disproportionately higher rates of bul-
lying, and a negative number indicates that White students
experienced disproportionately lower rates of bullying. As
seen from Table 2, there appears to be some consistency that
indicates that Black students experienced higher rates of bul-
lying than White students.

Immigration Enforcement Activities. TRAC published
information on the number of deportations from 2002 to
2017. Data can be disaggregated in various ways. We uti-
lized a three-step process for narrowing down the data to be
used for our analysis. First, we included data on deportations
that were conducted in the interior as opposed to the border,
as these data represent deportations occurring for individu-
als currently residing in the United States as opposed to indi-
viduals who were arrested at the border (TRAC Immigration,
n.d.). Second, data were then disaggregated by the year in
which the deportations occurred. Finally, data were disag-
gregated to the city from which the persons were deported.
This provides a continuous variable for the number of depor-
tations that occurred in 262 unique locations across the years
of the sample.

To better understand how the deportations varied both
over time and geographically, we show the frequencies of
the deportations that occurred in a selection of major U.S.
cities across the years in the sample. As seen from Table 3,
the number of deportations varied dramatically based on
geography. When looking across time, our data validate the
general consensus that deportations in the United States
decreased from 2009 to 2016. Interestingly, this was not a
consistent decrease for all cities. Namely, major cities in
Arizona and Texas as well as the city of San Diego experi-
enced similar decreases in deportations compared with the
other cities from 2009 to 2015. In the 2015-2016 school
year, the trend reversed for these cities, and deportations
increased slightly.

To model the relationship between deportations and edu-
cational outcomes, we narrowed our sample of districts to
those that resided within 1 standard deviation of the mean
distance between all school districts and areas from where
individuals in the United States were deported. This includes
districts within 100 miles of the deportation sites. We viewed
this restriction of the sample as necessary, as we were inter-
ested in examining outcomes for districts whose students are
within a reasonable proximity of deportations. Similarly, we
thought that our measure of immigration enforcement should
reflect the fact that proximity to deportations likely relates to
the degree of their impact. One method of modeling this
nonlinear effect is through “binning,” which parses out the
one continuous independent variable—overall deporta-
tions—into discrete independent variables. Prior research
has shown that distance to occurring deportations might be
an important moderator (Sattin-Bajaj & Kirksey, 2019), so



TABLE 1

Descriptive Statistics of School Districts Within 100 Miles of the Nearest Deportation Using SEDA

Distance from the nearest area of deportations (miles)

=25 26-50 51-75 76—100 Overall sample
Variables Mean SD  Mean SD Mean SD Mean  SD Mean SD
Achievement gaps: standardized district
achievement
Latino/a-White 047  0.30 049 029 0.43 0.27 041 025 046  0.28
Asian-White -0.22 042 -0.31 037 -027 007 -022 037 -026 039
Black-White 0.64 0.31 0.60 028 055 0.25 0.55 0.27 0.60 0.29
Time-varying covariates
Standardized SES composite® 034 1.18 0.58 097 026  0.87 0.00 0.90 0.31 1.01
Total enrollment 4980 17,137 3,071 7,630 1,757 3,959 1,428 2,735 2,806 9,666
Percentage of students Asian 0.06  0.08 0.05  0.08 0.02 0.03 0.01 0.02 0.03 0.06
Percentage of students Black 0.14  0.21 0.08  0.15 0.06 0.12 0.06 0.14 0.09 0.16
Percentage of students Latino/a 021 0.27 0.15  0.20 0.13 0.19 0.13  0.19 0.16  0.22
Percentage of students English learners 0.08 0.11 0.05  0.08 0.03 0.07 0.03 0.07 0.05 0.09
Percentage of students in special education 0.12  0.07 0.12  0.07 0.12  0.07 0.11  0.07 0.12  0.07
Percentage of students in charters 0.03  0.08 0.02  0.07 0.02 0.08 0.01  0.07 0.02  0.07
Percentage of students eligible for free/ 0.36  0.25 0.31 0.21 0.36 0.20 041 0.19 036 0.22
reduced price lunch
Pupil-teacher ratio 1590 12.14 16.13 1346 1567 853 1547 4.00 1580 10.34
Number of school districts 1,965 1,765 1,418 1,207 6,355
Number of observations 70,740 63,540 51,048 43,452 228,780

Note. SEDA = Stanford Education Data Archive; SES = socioeconomic status.

*The standardized SES composite that is included in the SEDA does not vary over time for districts, and thus it was not included in the analyses. We included
this variable in the descriptive statistics table for the purpose of understanding the differences in school districts based on proximity to deportations.

we cannot assume linearity in the relationship between
deportations and educational gaps. Moreover, this method of
binning into discrete independent variables allows our mod-
els to avoid making parametric assumptions when the con-
tinuous variable of interest—deportations—is suspected to
have a nonlinear relationship (Keele, 2008).

Thus, the first set of key variables in this study were four
bins that represent the amount of deportations that occurred
based on ranges of miles to districts: deportations that
occurred within 0 to 25 miles to the school district, deporta-
tions that occurred within 26 to 50 miles to the school dis-
trict, deportations that occurred within 51 to 75 miles to the
school district, and deportations that occurred within 76 to
100 miles to the school district. Such calculation of these
measures of deportations was important given the fact that
we believed deportations that occurred closer to school dis-
tricts deserved more weight in the analysis than those that
occurred farther away.

Using the continuous deportation variable derived from
TRAC, we took the following steps to combine with the
SEDA and CRDC data sets. First, the number of deporta-
tions occurring in the 262 cities were mapped onto every
school district in the data set, regardless of where the cities

were with respect to the school districts. Second, using the
longitude and latitude coordinates of each of the cities’ mid-
points, we used the geodist command in STATA15 to calcu-
late the distance between each of the 262 cities and the cities
in which the school districts were located. Finally, the num-
ber of deportations that occurred in or near the cities were
added together based on whether these cities were 0 to 25, 26
to 50, 51 to 75, or 76 to 100 miles from school districts.

Additional variables of interest include the distance to the
nearest deportations (calculated via geodist) and an interac-
tion between this distance measure and the number of indi-
viduals being deported from that city.

Time-Varying Covariates. This study utilized year and dis-
trict fixed-effects models to make comparisons within a
school district over time based on changes in the number of
individuals being deported in the area. This type of analysis
(as described below) subsumed the time-invariant variables
(i.e., urbanicity or U.S. state where a school district is
located). Each school district served as its own control since
multiple observations of a district exist over time. As such,
the models included a set of covariates derived from SEDA
and CRDC that vary across time and control for potentially



TABLE 2

Descriptive Statistics of School Districts Within 100 Miles of the Nearest Deportation Using CRDC

Distance from the nearest area of deportations (miles)

=25 26-50 51-75 76-100 Overall sample
Variables Mean SD Mean SD Mean SD Mean SD  Mean SD
Chronic absenteeism gaps: percentage of
students chronically absent
White-Latino/a -0.01 0.17 -0.02 0.12 -0.02 0.14 -0.02 0.15 -0.02 0.15
White-Asian 0.04 0.18 0.03 0.14 0.03  0.17 0.04 0.18 0.04 0.23
White-Black -0.03 020 -0.05 0.12 -0.06 027 -0.05 026 -0.03 0.17
Bullying gaps
Percentage of students bullied
White-Latino/a 0.00  0.03 0.00  0.02 0.00  0.03 0.00 0.03 0.00 0.03
White-Asian 0.00 0.04 0.00  0.05 0.00  0.05 0.00 0.04 0.00 0.04
White-Black -0.01 006 -0.02 0.08 -0.02 0.08 -0.02 0.10 0.0l 0.07
Percentage of students bullied due to race
White-Latino/a 0.00  0.03 0.00  0.02 0.00  0.03 0.00 0.02  0.00 0.02
White-Asian 0.00  0.02 0.00  0.03 0.00  0.03 0.00 0.04 0.00 0.03
White-Black 0.00 005 -0.01 0.07 -0.02 0.07 -0.02 0.08 -0.01 0.07
Additional controls
Total enrollment 5,588 24,820 5,024 15,028 3,027 7,395 2,372 5233 4,209 16,459
Percentage of students Asian 0.05 0.10 0.05  0.09 0.02  0.04 0.01  0.02 0.03 0.07
Percentage of students Black 027 032 0.18 0.23 0.15 0.22 0.14  0.20 0.15 0.25
Percentage of students Latino/a 025 0.29 0.10 0.18 0.08  0.17 0.09 0.20 0.19 0.24
Percentage of students English learners 0.09 0.15 0.06 0.11 0.05 0.10 0.04 0.08 0.07 0.12
Percentage of students in special education ~ 0.12  0.13 0.12  0.11 0.13 0.11 0.13  0.11 0.13 0.11
Percentage of students in charters 0.04 0.04 0.02 0.04 0.01 0.03 0.01  0.03 0.02 0.42
Percentage of students eligible for free/ 0.50  0.35 037 0.36 044 036 049  0.78 0.45 0.79
reduced-price lunch
Student-teacher ratio 16.46 8.67 15.94 6.55 15.42 7.23 1541 642 1586 7.38
Number of school districts 1,965 1,765 1,418 1,207 6,355
Number of observations 3,930 3,530 2,836 2,414 12,710

Note. CRDC = Civil Rights Data Collection.

confounding factors when examining deportations and
outcomes.

The variables included in each of the models include
measures of total enrollment; the percentage of students in
the district who are Asian, Black, or Latino/a; the percentage
of students in the district who received free or reduced-price
lunch; the percentage of students who had a disability; the
percentage of students who were English learners; the stu-
dent-teacher ratio; and the percentage of students in charter
schools. These were the common covariates across the
SEDA and CRDC data sets.

Unique to the SEDA data set, Reardon and colleagues
(2016) calculated a time-invariant socioeconomic status
composite of school districts that was calculated based on a
series of variables. They utilized data from individuals in the
surrounding Census neighborhoods in the school district,
including the percentage of adults who were employed, the

single-parent family rate, the poverty rate, the percentage of
adults with a bachelor’s degree, the median family income,
and the Supplemental Nutrition Assistance Program eligibil-
ity rate. These data were compiled into a continuous variable
representing the socioeconomic status of the district for each
year. We have chosen to include the descriptive statistics of
this variable in Table 1 to assist us in examining the differ-
ences between districts based on their proximity to deporta-
tions. However, given that our models control for all
time-invariant variables, this variable was not used in the
analyses.

Differences Based on Proximity to Deportations. Using the
steps outlined above, districts had different deportation and
distance-related statistics, predicting gaps in educational out-
comes based on where the districts were located in the United
States and the year in which the outcomes and deportations



TABLE 3

Number of Deportations Across Major U.S. Cities Between School Years 2009 and 2016

Deportations

City State 2009-2010 2010-2011 2011-2012 2012-2013 2013-2014 2014-2015 2015-2016
Phoenix Arizona 5,196 5,963 5,192 4,028 3,375 2,244 5,716
Tucson Arizona 16,161 11,155 7,305 5,901 3,627 3,147 5,796
Los Angeles California 2,047 1,783 1,361 911 619 410 393
Sacramento California 41 39 25 26 5 11 23
San Diego California 36,292 37,898 32,193 24,410 14,700 8,116 10,575
San Francisco  California 699 740 573 410 254 168 239
San Jose California 18 89 392 10 6 3 2
Denver Colorado 112 88 77 52 39 17 31
District of District of 988 1,135 1,144 887 647 429 385
Columbia Columbia

Miami Florida 5,613 7,198 5,366 3,352 2,308 1,760 2,310
Orlando Florida 159 165 99 36 31 21 30
Atlanta Georgia 5,971 6,345 5,718 3,951 3,211 2,789 2,420
Chicago Illinois 1,269 1,200 1,017 1,119 600 390 385
Indianapolis Indiana 6 7 9 5 4 2 2
Louisville Kentucky 5 7 1 0 2 1 0
New Orleans Louisiana 12,587 16,882 17,298 13,915 12,783 9,125 6,610
Baltimore Maryland 66 21 23 19 14 2 11
Boston Massachusetts 310 373 667 190 84 75 72
Detroit Michigan 466 518 419 316 271 270 169
Saint Paul Minnesota 147 100 59 35 25 17 24
Kansas City Missouri 28 30 11 17 3 3 0
Omaha Nebraska 4 17 30 5 1 3 1
Las Vegas Nevada 67 40 54 75 56 19 47
Albuquerque New Mexico 4 19 4 8 0 0 0
New York New York 4,391 3,849 3,394 2,521 1,832 1,166 1,005
Charlotte North Carolina 107 178 137 124 52 31 78
Raleigh North Carolina 5 14 5 3 4 1 4
Cleveland Ohio 5 13 2 0 1 0 1
Columbus Ohio 6 5 3 7 12 7 1
Oklahoma City Oklahoma 64 6 5 2 2 1 1
Portland Oregon 20 25 6 6 5 2 9
Philadelphia Pennsylvania 260 212 84 182 37 21 23
Providence Rhode Island 1 7 0 0 0 0 1
Nashville Tennessee 39 13 5 2 2 1 1
Austin Texas 9 10 7 5 4 1 1
Dallas Texas 1,888 1,603 1,062 1,045 1,654 991 1,126
Houston Texas 6,698 5,444 4,570 3,621 3,356 2,822 3,360
San Antonio Texas 1,215 1,139 840 562 1,636 1,300 1,516
Salt Lake City  Utah 31 55 42 9 5 6 13
Seattle Washington 232 209 143 72 68 46 97

Note. Data were aggregated using “Historical Data: Immigration and Customs Enforcement Removals” from the Transactional Records Access Clearing-
house website: https://trac.syr.edu/phptools/immigration/removehistory/.

were observed. This cross-sectional, longitudinal design
rules out confounding factors that also affected district out-
comes around the same time or in the same schools that wit-
nessed changes in the number of deportations conducted in

the area. Tables 1 and 2 display descriptive statistics for all
the variables utilized from the SEDA and CRDC data sets,
separated by school districts that are 0 to 25, 26 to 50, 51 to
75, or 76 to 100 miles from the nearest site of deportations.


https://trac.syr.edu/phptools/immigration/removehistory/

e Deportation activity within 25 miles

o Deportation activity within 51 to 75 miles

FIGURE 1.

There are two notable differences between school districts
based on their proximity to deportations, as shown in the
tables. First, looking at Table 1, districts that were farther
away from the nearest deportation site were more likely to
have lower socioeconomic status and lower overall enroll-
ments, particularly districts that were 50+ miles away from
the nearest deportation area. It could be that these districts
tend to be farther away from urban centers and in more rural
areas of the country. Note that when descriptively looking
across the districts in Tables 1 and 2, there are no differences
in educational outcomes based on the distance measure.

To further explore differences based on proximity, we
mapped the deportations to give a visual sense as to where
these deportations are occurring. Figure 1 shows every uni-
fied or elementary school district located within 100 miles of
an interior deportation site, with the color of the district’s
marker adjusted for how close it is to the site.

Analysis

As noted above, we utilized the SEDA and CRDC data
sets separately. For ease of interpretation, we have outlined
our analyses using two empirical specifications.

To answer Research Question 1, we began our analysis

with the following model with the SEDA data set:
Vi =Bo +B1Dj +PaM jy +B3D* M jy +PyZ j, +
Bsi +Bej +PB7s + it

(M

where Y represents the standardized achievement gap out-
comes of grade 7 in district j in year ¢; D represents a set
of key predictor variables: the number of deportations

o Deportation activity within 26 to 50 miles

o Deportation activity within 76 to 100 miles

School districts within 100 miles of interior deportations from 2009 to 2016.

occurring within 0 to 25, 26 to 50, 51 to 75, or 76 to 100
miles from school districts; M represents the miles between
the district and the closest city where the deportations
occurred, and the interaction between D and M represents
the moderating variable between deportations and distance
to the nearest deportation site.' By including this interaction
term, the estimates from f; represent the estimates of main
effects for districts that reside in a city where deportations
have occurred (when B, and B; are equal to zero). Such
modeling is also consistent with Sattin-Bajaj and Kirksey
(2019) when using cross-sectional, national data. Z repre-
sents a vector for the time-varying district covariates.

Next, we included a series of grade, year, and district
fixed effects in the model, which is a series of binary indica-
tors for every grade level 7, school year ¢, and district j in the
data set. This use of fixed effects accounts for observed and
unobserved variation in the data that could confound our
estimates at the respective unit levels. For instance, U.S.
states dramatically altered their focus of time and resources
on the use of standardized assessments after the introduction
of the No Child Left Behind waivers in 2011 (McGuinn,
2016). By not accounting for year-to-year variation, our esti-
mates between the rise in deportations and potential changes
to racial/ethnic achievement gaps would be likely con-
founded simply based on when the data were being observed
and the changes occurring to both variables over time.

As another example, district fixed effects restrict the
comparisons of the associations between deportations and
educational outcomes to the same school district that is
being observed. In other words, the associations between
deportations and outcomes were observed for a district in
one time period, and these estimates in one time period were
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compared with the estimates in the next. This essentially
makes each individual district its own control, and all
observed and unobserved variation is eliminated to avoid
biasing estimates. To illustrate why district fixed effects is
an important modeling technique, the Southwest Detroit
National Center for Families Learning program provides
families from predominantly Latino/a, English-learning, and
low-income backgrounds with educational resources meant
to strengthen ties to schools in the area. Additionally, Detroit
Police Chief James Craig has emphasized that Detroit’s
police officers will not cooperate with immigration enforce-
ment officials, which is often one of the primary ways in
which ICE identifies and apprehends individuals suspected
of not having legal status (CBS Local Detroit, 2017; Lewis
et al., 2013). For our analysis, the added resources for stu-
dents as well as local support for immigrant-origin popula-
tions would confound our results by not accounting for those
unobserved characteristics that are beyond the relationship
between deportations and educational outcomes.

Finally, €; represents the error term that was clustered at
the district level. This clustering of the error accounts for the
fact that standard errors produced by observing a district
over time cannot be assumed to be uncorrelated.

We examined the next two research questions using the
following model with the CRDC data set:

Y =Bo+BiDj +BoM j, +B3D* M ; +BsZ; +

Bs;+Be: +€j1>

2

where ¥ represents the racial/ethnic gaps in chronic absen-
teeism and bullying outcomes. The rest of the terms in the
model match the terms listed in Model 1, except that this
model does not include grade fixed effects. Rates of chronic
absenteeism and bullying for the districts were not reported
at the grade level, and therefore there was no need to account
for grade-level differences.

Results
Achievement Gaps

Table 4 presents the results from Model 1 to estimate the
association between deportations and racial/ethnic achieve-
ment gaps. All coefficients are presented as standardized-beta
effect sizes, which constitute effect size estimates similar to
those of Cohen’s d (Cohen, 1992; Cohen etal., 2013). Standard
errors are presented in parentheses. Recall that these models
account for all observed and unobserved variation at the
grade, year, and district levels, as noted by the fixed-effects
specifications at the bottom of the table. The variables of
interest are displayed in the first column of the table.

The second column illustrates the estimated associations
between deportations and the White-Latino/a achievement
gaps in ELA. The third column illustrates the associations
between deportations and White-Latino/a achievement gaps
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in math. Positive coefficients indicate higher relative aver-
age performance of White students versus Latino/a students.
Because White students generally perform higher on aver-
age than Latino/a students, we describe positive coefficients
as indicating larger gaps and negative coefficients as indicat-
ing smaller gaps.

As seen in column 2, there were no statistically signifi-
cant estimates of the association between the measures of
deportations and the White-Latino/a achievement gap in
ELA for school districts. However, there were statistically
significant estimates for math achievement gaps, as seen in
column 3. The way to interpret this coefficient is that a
standard deviation unit increase in deportations between 0
and 25 miles, which is about 850 deportations, predicts an
increase in the White-Latino/a math achievement gap by
0.08 standard deviation unit. Recall that we included an
interaction term between the deportations occurring in the
nearest site and the distance to this site for districts, which
allows us to interpret this as a main effect for school dis-
tricts that reside in cities where deportations occurred
(miles to nearest site of deportations = 0 and interaction
term = 0). This magnitude in effect size is comparable to
what has been found in other studies on the impacts of
deportations on achievement that examined the relation-
ship between student absenteeism during the period of
standardized testing and students’ standardized achieve-
ment (Gottfried & Kirksey, 2017).

Turning attention to the interaction term, it appears that
school districts located farther away from the nearest depor-
tations were less affected than districts in closer proximity,
as the interaction term is negative (effect size = —0.04). In
other words, holding the number of deportations constant,
the more miles a district was from the closest area with
deportations, the smaller the district’s observed White-
Latino/a math achievement gap. This coefficient combined
with the estimates of the main effect of deportations on the
White-Latino/a math achievement gap indicates that dis-
tance is a moderator of the estimated association found in the
first row of the table.

The next four columns of the table display findings for
the association between deportation measures and White-
Asian and White-Black achievement gaps in ELA and math,
respectively. As seen from these columns, there were no sta-
tistically significant associations between deportations and
achievement gaps between White and Asian and White and
Black students. The only statistically significant finding
from Table 4 relates to White-Latino/a achievement gaps in
math.

Chronic Absenteeism

Table 5 presents standardized effect size estimates of the
association between deportations and racial/ethnic gaps in
rates of chronic absenteeism. Positive coefficients indicate



TABLE 4
Estimates of the Effects of Deportations on Racial/Ethnic Achievement Gaps

White-Latino/a gap

White-Asian gap

White-Black gap

Variables ELA Math ELA Math ELA Math
Key predictors
Deportations in nearest site (miles)
0-25 —0.04 (0.06) 0.08** (0.03)  —0.66 (0.61) 0.32 (0.46) 0.79 (0.46) —0.00 (0.34)
26-50 —0.03 (0.27)  —0.31(0.20)  —0.41 (0.30) —0.26 (0.44) —0.35(0.30) —0.08 (0.21)
51-75 —0.00 (0.01)  —0.00 (0.01) 0.01 (0.02) 0.00 (0.03) —0.03 (0.02) —0.02 (0.02)
76-100 —0.19 (0.11)  —0.05(0.09)  —0.13 (0.07) —0.16 (0.14) —0.07 (0.15) —0.04 (0.13)
Miles to nearest site of deportations ~ —0.01 (0.02) 0.02 (0.01)  —0.03 (0.02) —0.04 (0.02) 0.01 (0.02) —0.00 (0.02)
Deportations in nearest site X miles 0.06 (0.06) —0.04* (0.02) 0.19 (0.10) 0.04 (0.05) —0.10 (0.05) —0.00 (0.06)
to nearest site of deportations
Time-varying covariates
Total enrollment 0.52*** (0.15) 0.32**(0.12)  —0.08 (0.08) —0.04 (0.09) 0.17 (0.18)  0.29 (0.16)
Percentage of students Asian 0.02 (0.05) 0.02 (0.06) 0.06 (0.04) —0.24***(0.04) —0.09 (0.06) —0.08 (0.07)
Percentage of students Black 0.18* (0.09) 0.00 (0.08) 0.04 (0.11) 0.09 (0.12) 0.03 (0.08)  0.04 (0.09)
Percentage of students Latino/a 0.02 (0.09)  —0.05 (0.08) 0.01 (0.11) 0.03 (0.15) 0.06 (0.12)  0.16 (0.13)
Percentage of students in special 0.06** (0.02) 0.02 (0.02)  —0.01(0.02) 0.09*** (0.03) 0.08***(0.02)  0.03 (0.02)
education
Percentage of students English 0.12%** (0.03) 0.04 (0.03)  0.07*(0.03) 0.06 (0.04) 0.03 (0.04)  0.01(0.04)
learners
Percentage of students: Charter —0.01 (0.01) 0.00 (0.01) 0.02 (0.02) —0.02 (0.02) 0.02 (0.02)  0.00 (0.01)
schools
Percentage of students eligible for ~ 0.05*%* (0.02) —0.03* (0.02)  -0.03 (0.02) —0.09*** (0.02) —0.02 (0.02) —0.04 (0.02)
free/reduced-price lunch
Student-teacher ratio 0.00 (0.01) 0.00 (0.00)  —0.01(0.03) 0.08 (0.04) 0.00 (0.00)  0.01 (0.00)
Fixed effects
Grade Yes Yes Yes Yes Yes Yes
Year Yes Yes Yes Yes Yes Yes
District Yes Yes Yes Yes Yes Yes
Constant —0.19*% (0.08)  —0.09 (0.07) 0.3 7***(0.10) 0.12(0.10)  —0.26* (0.12) —0.05 (0.11)
Observations 228,780 228,780 228,780 228,780 228,780 228,780
R 63 64 .66 67 62 .62

Note. Robust standard errors are in parentheses. ELA = English language arts.

*p <05, *p < 01, ***p < 001,

higher relative rates of chronic absence among White stu-
dents versus Latino/a students. Because White students are
generally less absent than Latino/a students, we describe
negative coefficients as indicating larger gaps and positive
coefficients as indicating smaller gaps. Positive coefficients
represent a movement in the gaps in rates of chronic absen-
teeism for districts in the direction of White students having
higher rates of chronic absenteeism than any other subgroup.
Negative coefficients represent an increase in the gaps in
rates of chronic absenteeism for districts where White stu-
dents would have lower rates of chronic absenteeism than
any other subgroup. As with achievement gaps, Table 5 illus-
trates descriptively that the gaps tend to favor White students,
with Latino/a and Black students having higher rates of
chronic absenteeism. Thus, negative coefficients represent an

exacerbation of this gap in the status quo. Recall than these
models account for variation between years and between dis-
tricts using year and district fixed effects.

Looking at the first column of Table 5, the findings indi-
cated that when there was a 1 standard deviation increase
(~850) in the number deportations occurring within 0 to 25
miles of school districts, White-Latino/a gaps in chronic
absenteeism widened, with an effect size of 0.28. Again,
this estimate represents the predicted main effect for school
districts with all else held constant (miles to nearest site of
deportations = 0 and interaction term = 0). The size of this
association is considered a moderate to large effect size in
social science research (Keith, 2006). Specific to the
chronic absenteeism outcome, this effect size is similar to
the estimated effect of having familiar classmates from
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TABLE 5

Estimates of the Effects of Deportations and Racial/Ethnic Gaps in Rates of Chronic Absenteeism

Chronic absenteeism rate gaps

Variables White-Latino/a White-Asian Black-White
Key predictors
Deportations in nearest site (miles)
0-25 —0.28% (0.13) —0.03 (0.19) —0.32(0.17)
26-50 —0.01 (0.04) —0.00 (0.04) 0.00 (0.05)
51-75 —0.03 (0.02) —0.01 (0.03) —0.00 (0.02)
76-100 0.01 (0.04) 0.07 (0.07) 0.08 (0.06)
Miles to nearest site of deportations —0.05 (0.04) 0.01 (0.04) 0.03 (0.04)
Deportations in nearest site X miles to nearest site of 0.28* (0.13) 0.05 (0.19) 0.31 (0.16)
deportations
Time-varying covariates
Total enrollment —-0.12 (0.29) —-0.28 (0.29) —0.09 (0.26)
Percentage of students Asian 0.01 (0.03) 0.01 (0.03) —0.00 (0.02)
Percentage of students Black 0.09* (0.04) —0.03 (0.04) 0.01 (0.03)
Percentage of students Latino/a 0.03 (0.05) —0.06 (0.05) —0.01 (0.04)
Percentage of students English learners 0.03 (0.03) 0.08 (0.04) 0.05 (0.03)
Percentage of students in special education 0.05 (0.04) —0.06 (0.05) —0.02 (0.03)
Percentage of students in charter schools —0.01 (0.09) 0.26* (0.12) —0.15 (0.08)
Percentage of students eligible for free/reduced-price lunch —0.11 (0.05) 0.04 (0.06) —0.04 (0.05)
Student-teacher ratio —0.01 (0.03) —0.03 (0.06) —0.02 (0.09)
Fixed effects
Year Yes Yes Yes
District Yes Yes Yes
Constant 0.01 (0.01) 0.01 (0.02) 0.01 (0.01)
Observations 12,710 12,710 12,710
R 67 .68 67
Note. Standard errors are in parentheses.
*p < 05, FHkp < 01, #H%p < 001,
year to year in elementary school (Kirksey & Gottfried, Bullying

2018) and the impact of school climate (Brookmeyer et al.,
2006) on chronic absenteeism. Then, looking at the interac-
tion term, it appears that this association was also moder-
ated by distance. As deportations increased, the observed
chronic absenteeism gaps for school districts that were far-
ther away from the deportation sites were smaller com-
pared with schools districts in cities closer to the deportation
sites (effect size of —0.28). Note that no other statistically
significant effects arose, including associations from the
covariates.

In contrast, it does not appear that increased deportations
were correlated with increased chronic absenteeism gaps for
students of other races versus White students in the school
districts. Columns 3 to 5 illustrate these null effects. Similar
to the results of Table 4, the only statistically significant
associations between deportations and gaps in the rates of
chronic absenteeism were for Latino/a-White students in
districts.
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Two outcomes related to bullying of Latino/a and non-
Latino/a students were examined: racial/ethnic gaps in the
rates of overall bullying and in the rates of bullying reported
based on racial discrimination. Table 6 presents effect sizes
of the associations between deportations and these two out-
comes, in columns 2 and 3, respectively. Again, both models
include year and district fixed effects.

As seen from Table 6, no statistically significant associa-
tions between the number of deportations and gaps in bully-
ing rates arose from the models. There were no statistically
significant associations that emerged from any of the inde-
pendent variables included in the models.

Discussion

Questions about how immigration enforcement policies
affect students’ educational engagement and outcomes have
never been more relevant. With the substantially higher



TABLE 6

Estimates of the Effects of Deportations and Racial/Ethnic Gaps in Rates of Bullying

Overall bullying rate gaps

Gaps in rates of bullying based on race

Variables White-Latino/a ~ White-Asian White-Black ~ White-Latino/a ~ White-Asian White-Black
Key predictors
Deportations in nearest site
(miles)
0-25 —0.01 (0.11) —0.05 (0.21) —0.00 (0.16) —0.01 (0.10) —0.06 (0.21) —0.02 (0.15)
26-50 —0.01 (0.03) 0.01 (0.04) 0.01 (0.05) —0.00 (0.03) 0.00 (0.04) —0.00 (0.05)
51-75 —0.00 (0.02) 0.01 (0.03) —0.00 (0.02) —0.00 (0.02) 0.01 (0.03) —0.01 (0.02)
76-100 —0.00 (0.03) 0.01 (0.07) 0.01 (0.06) —0.00 (0.03) 0.01 (0.07) 0.01 (0.06)
Miles to nearest site of 0.01 (0.03) —0.03 (0.05) 0.03 (0.04) 0.01 (0.03) —0.04 (0.04) 0.02 (0.03)
deportations
Deportations in nearest site 0.01 (0.10) 0.05 (0.21) 0.01 (0.16) 0.01 (0.10) 0.06 (0.21) 0.02 (0.15)
X miles to nearest site of
deportations
Time-varying covariates
Total enrollment 0.05 (0.24) —0.01 (0.33) 0.00 (0.27) 0.09 (0.23) —0.01 (0.32) 0.04 (0.25)
Percentage of students Asian 0.00 (0.02) —0.00 (0.03) —0.01 (0.02) 0.00 (0.02) 0.00 (0.03) 0.00 (0.02)
Percentage of students Black 0.01 (0.03) 0.01 (0.04) —0.04 (0.04) 0.01 (0.03) 0.01 (0.04) —0.02 (0.03)
Percentage of students 0.02 (0.04) 0.00 (0.06) 0.00 (0.04) 0.02 (0.04) 0.00 (0.06) 0.01 (0.04)
Latino/a
Percentage of students —0.01 (0.03) —0.06 (0.05) 0.01 (0.03) —0.01 (0.03) —0.04 (0.05) 0.02 (0.03)
English learners
Percentage of students in 0.02 (0.03) 0.06 (0.05) —0.01 (0.03) —0.00 (0.03) —0.00 (0.05) —0.03 (0.03)
special education
Percentage of students: 0.01 (0.07) —-0.01 (0.13) 0.00 (0.08) 0.01 (0.07) —0.01 (0.13) 0.01 (0.08)
Charter schools
Percentage of students 0.07 (0.04) 0.02 (0.07) 0.01 (0.05) 0.10* (0.04) 0.02 (0.07) 0.01 (0.04)
eligible for free/reduced-
price lunch
Student-teacher ratio —0.00 (0.05) —0.01 (0.02) —0.02 (0.02) —0.02 (0.05) —0.04 (0.03) 0.0 (0.02)
Fixed effects
Year Yes Yes Yes Yes Yes Yes
District Yes Yes Yes Yes Yes Yes
Constant 0.03** (0.01) —0.03 (0.03) 0.03* (0.01)  0.04***(0.01)  —0.02 (0.03)  0.03*** (0.01)
Observations 12,710 12,710 12,710 12,710 12,710 12,710
R 63 .60 .64 67 59 67

Note. Standard errors are in parentheses.
*p <.05. *¥¥p < .01. ***p < .001.

numbers of arrests and removals of immigrants made during
the 2017 fiscal year compared with the previous year and the
inclusion of more people without prior criminal convictions
among those arrested and deported, millions of families are
living in fear and suffering the consequences (Dickerson,
2017). Unauthorized immigrants’ already tenuous relation-
ship with public institutions is often further weakened in
times of increased enforcement or more stringent policy
environments (Potochnick et al., 2017). This pattern has
borne out dramatically in the Trump era.

Motivated by the ongoing deportation machine, this study
sought to examine the relationship between deportations

across the United States and racial/ethnic gaps in educational
outcomes for Latino/a students in public school districts dur-
ing the previous administration. We show that the number of
deportations correlates with widening White-Latino/a gaps in
math achievement and chronic absenteeism in school dis-
tricts within 25 miles of the deportation sites. Ultimately, our
findings aim to offer insight for schools, districts, and states
seeking to mitigate the widening gaps that might occur dur-
ing times of heightened immigration enforcement.

There are several possible explanations for these find-
ings. First, previous research has noted the numerous psy-
chological consequences of immigration enforcement for
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undocumented families. These include trauma, stress, anxi-
ety, and other mental health disorders (Chaudry et al., 2010;
Hainmueller et al., 2017, Gonzales et al., 2013; Suarez-
Orozco etal., 2011; Zayas et al., 2015). There is also research
noting that these same effects exist in communities with
larger proportions of Latino/a students and communities
with greater percentages of immigration-origin residents
(Géndara & Ee, 2018). Students attending school districts in
areas with more immigration enforcement activity might be
more routinely exposed to enforcement near their homes.
These students may be more likely to be exposed to friends
or family members who have been apprehended and/or
media and rhetoric exacerbating the effects of immigration
enforcement (Kirksey et al., 2018).

Thus, it could be the case that these mental health conse-
quences of general exposure to immigration enforcement
may disrupt students’ learning experiences in school.
Notably, increased deportations near school districts did not
correlate to widening Latino/a-White achievement gaps in
ELA. Prior research may help explain the decline in math
achievement that we found in our study. Studies show that
math achievement tends to be most affected by disruptions
to the learning context (i.e., distressed students) given that
instruction in this domain tends to introduce content in a lin-
ear fashion, scaffolding student knowledge and requiring
efficient retrieval cognitive processes (Monk & Ibrahim,
1984). Incidents involving deportations or immigration-
related arrests could be experienced by some students as
sudden disruptions, which interrupt their opportunities to
learn math concepts in school, with each concept relying on
the previous to advance understanding of math content.

With regard to absenteeism, it could be the case that stu-
dents or parents of students attending school districts in
areas with greater immigration enforcement experience
greater fear in coming to school. Recently, multiple accounts
of ICE coming onto school grounds and arresting parents
and students have been documented via news outlets and
mass media, and there is a large concern that such height-
ened enforcement may be keeping students from attending
school (Castillo, 2017). For example in March 2017, 2,000
students in Las Cruces, New Mexico, stopped going to
school in the days following raids by ICE agents (Blitzer,
2017), illustrating the ways in which immigration enforce-
ment activities can directly affect students in schools. In
Charlotte, North Carolina, a 19-year-old boy was arrested by
ICE on his way to high school, demonstrating yet another
case in which enforcement is utilizing schools to corral stu-
dents who are not legal citizens (Price, 2016). In light of the
established relationship between absenteeism and many
short- and long-term outcomes for students (Balfanz &
Byrnes, 2006; Gottfried, 2010; Gottfried & Kirksey, 2017;
Kirksey, 2019), fear of coming to school may interconnect
with the achievement gaps also shown to be exacerbated in
this study.
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Furthermore, the associations between nearby deporta-
tions and widening gaps in math achievement and chronic
absenteeism for Latino/a students, specifically, across school
districts may relate to political rhetoric regarding immigra-
tion enforcement that is primarily geared toward Latino/a
families. Teachers, school leaders, families, and students are
exposed to the consistent language surrounding immigration
enforcement measures (Gandara & Ee, 2018), and this lan-
guage may be accentuated when there is greater deportation
activity near school districts.

Finally, we should note that this study complements the
work of Bellows (2019), who also used SEDA and data on
removals in the United States. Together, our studies present
two distinct ways to measure immigration enforcement, which
ultimately have implications for the outcomes we observe and
our interpretations of these outcomes. As some of the early
empirical work contributing to an emerging field, our study
alongside that of Bellows highlights the importance of detail-
ing how different measures of immigration enforcement relate
to other known confounding factors and how these differ-
ences may shape our understanding of the implications of our
research findings. By focusing on the rollout of the Secure
Communities program, one specific immigration policy that
changed the nature of enforcement, Bellows is able to mea-
sure its impact on student achievement at the county level in
the United States. Moreover, she provides evidence of the cor-
relation between demographic trends and student achieve-
ment. By contrast, our study did not examine one particular
immigration policy but relied on a new measure of deporta-
tion that included those effectuated under the scope of Secure
Communities as well as other programs. We also prioritized
capturing the role of proximity to deportations to understand
the role of proximity of immigration enforcement activities.
Both studies note a key limitation: the potential confounding
of geographic factors in the identified relationships between
immigration enforcement and student outcomes. It is likely
the case that unobserved attributes of a community predict
both the number of deportations occurring within 25 miles of
a school district as well as gaps in educational outcomes for
students in that school district. And as Bellows notes, there is
potential that county-level attributes predict both the activa-
tion of Secure Communities as well as student achievement.
Researchers should build on these two approaches to work
toward more accurate identification of the effects of immigra-
tion enforcement and more nuanced understandings of the
mechanisms producing such effects.

Limitations

There are several limitations to this study that should be
acknowledged. First, this study sought to understand the rela-
tionship between deportations and racial/ethnic gaps in educa-
tional outcomes in public school districts, but we were unable
to disentangle our questions from the question of the effects of



immigration enforcement for specific subgroups of Latino/a
students. Subpopulations of particular interest include students
who are first or second generation, students who were not born
in the United States, migrant students, and Latino/a students
with other types of demographic differences. These populations
might be of interest to researchers and policymakers consider-
ing that they are often the direct targets of immigration enforce-
ment and related rhetoric. Second, this study relied on large,
secondary data to answer a set of research questions. Thus, we
were not able to parse out cause and effect between deporta-
tions and racial/ethnic gaps in educational outcomes for dis-
tricts. Third, the general relationship between immigration
enforcement and educational gaps might be confounded by
unobserved variables related to the geographic distribution of
school districts. As noted in Table 3, we noticed that trends in
the numbers of deportations were not the same for all cities.
Thus, it could be the case that there is an unobserved character-
istic related to both educational gaps and the numbers of depor-
tations that is biasing our results. This is a key issue when
utilizing a research design that considers immigration enforce-
ment at such scale. Future research focused on specific case
studies can eliminate this potential for selection bias by exploit-
ing more rigorous quasi-experimental methods that we could
not use for this study. Finally, while this study relied on the best-
known source of data on immigration enforcement, it is worth
noting that all publicly available data on apprehensions or
deportations of immigrants in the United States are significantly
limited in their information on the background of individuals
facing deportation and the area where individuals were arrested.
Smaller-scale studies might add to our understanding of the
effects of immigration enforcement with more accurate, per-
haps locally collected, measures of enforcement.

Conclusion

Our study sheds light on the ways in which deportations are
a concern regarding educational outcomes for Latino/a students
in U.S. school districts. These findings set the stage for future
work that investigates what districts have done and can do to
best support students facing negative consequences or uncer-
tainty and potentially minimize the harmful effects of immigra-
tion enforcement policies on young people. We see this study as
a call for researchers, policymakers, and educational leaders to
consider the role and responsibilities of schools in supporting
their students, to investigate these questions empirically, and to
work to eliminate the obstacles to providing an equitable educa-
tion and equal opportunity for students.

Appendix
Sensitivity Tests

We had concerns that the relationship between immigra-
tion enforcement and educational gaps might be sensitive to
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our sample restriction, our measure of immigration enforce-
ment, and our modeling specification. First, recall that we
restricted our sample to school districts with schools that
were within 100 miles of occurring deportations, which is 1
standard deviation of the mean distance to occurring depor-
tations for all schools. As a robustness check, we changed
our sample restriction by =50 miles and increased/decreased
bins accordingly. Our results were consistent in both magni-
tude and statistical significance for whichever bin captured
deportations occurring within 25 miles of schools.

Second, we altered our measure of immigration enforce-
ment in two ways to test the sensitivity of the results. First,
we eliminated unincorporated cities and small border towns
along Canada and Mexico, where deportations occurred dis-
proportionately due to their geographic proximity. After
eliminating these deportations from our consideration, the
results remained unchanged. Then, we questioned whether
giving the same weight to deportations that occurred within
0 mile (i.e., in the same geographic area as the school dis-
trict) as deportations that occurred within 1 to 25 miles was
appropriate. Hypothetically, it could be the case that depor-
tations occurring within district boundaries are dispropor-
tionately worse with regard to exacerbating educational gaps
compared with deportations occurring just outside the dis-
trict boundaries. To examine this potential, we parsed out the
0 to 25 miles bin to create two separate bins: deportations
that occurred in the same area as the school district boundar-
ies and deportations that occurred 1 to 25 miles away from
the district boundaries. Interestingly, the results were
unchanged. That is, the estimates for both new bins were
statistically significant and similar in magnitude to our pre-
vious estimates.

Finally, we modified our modeling of the distance mea-
sure and the respective interaction terms. Initially, we
excluded the continuous distance measure M and the interac-
tions between M and D, the four bins measuring the number
of deportations. In this specification, the magnitude of the
main association for the 0 to 25 miles measure decreased
slightly but remained statistically significant. This decrease
is likely due to the fact that the modeling of associations for
deportations occurring 0 to 25 miles away does not account
for differences based on whether districts are farther away
from the deportations within that scope of 25 miles. Then,
we modified D to be continuous, included M as a continuous
distance measure, and included an interaction between D
and M. The magnitude of the results shrank, and the associa-
tion for gaps in math achievement was no longer statistically
significant. This decrease is likely due to the fact that the
relationship between deportations and White-Latino/a gaps
only exists when deportations are occurring nearby, and
aggregating all deportations occurring within 100 miles
introduced a lot more noise into the measure. Last, we modi-
fied the baseline model’s interaction term M X D to reflect
the interactions between M and each of the bins in D. The
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results tell a similar story. This model yielded the main
results for the 0 to 25 miles bin as the baseline model, with
the interaction term between M and the 0 to 25 miles bin
being statistically significant. These three alternative speci-
fications showcase our models’ reliance on proximity for
identifying associations between deportations and White-
Latino/a gaps.
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Note

1. Note that we explored alternative models with different
specifications of the interaction term and with a continuous mea-
sure of deportations. Results from these models are discussed in
detail in the appendix.
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