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In recent years, the documented effects of im-
migration enforcement on vulnerable popula-
tions have increased tremendously. For exam-
ple, Secure Communities, a Department of 
Homeland enforcement program, directly re-
duced Hispanic citizen participation in Federal 
safety net programs (Alsan and Yang 2024) and 
both citizen and noncitizen labor hours (East 
et al. 2023). Opposing policies that reduce im-
migration enforcement have been shown to po-
tentially increase an immigrant’s willingness 
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to report crime (Jacome 2022). Within the 
United States, scarce resources must be de-
voted toward immigration enforcement, and 
therefore, the efficacy and spillovers of those 
resources should be justly scrutinized, as docu-
mented by Caitlin Patler and Bradford Jones 
(2025, this issue). The tremendous scale at 
which enforcement has grown in the past 
twenty years makes this a highly pertinent 
question. Yet, most studies that document the 
actions of immigrants and immigration en-
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forcement either use rough proxies to iden-
tify the immigration status of an individual, 
such as race, or use broad immigration policy 
changes, such as the county-wide Secure Com-
munities program. While using these broad in-
dividual characteristics or changes in immigra-
tion policy offers insight into how immigration 
policies affect individuals, it narrows the preci-
sion of research on such a significant topic.

In this study, we use GPS-coded or landmark-
location, individual arrest, Immigration and 
Customs Enforcement (ICE) data. This data fo-
cuses on non-border apprehensions, which is 
a growing segment of ICE activity. With this 
data, we can gain a better understanding of the 
effect of ICE enforcement on the achievement 
scores of US schoolchildren because, rather 
than assessing the rollout of a policy geared to 
increase immigration enforcement, we assess 
the enforcement itself. When an immigration 
enforcement policy is rolled out, it could differ 
by its level of enforcement across treated areas, 
have delays in implementation, or have hetero-
geneous effects based on the treatment popula-
tion. By using apprehension data, we are better 
able to identify the specific treatment that was 
implemented by these immigration enforce-
ment policies.

We match this ICE arrest data to school-
district-level achievement data from the Stan-
ford Education Data Archive (SEDA). This af-
fords us the ability to estimate the effect of 
local ICE enforcement on student achieve-
ment, measured at the school-district level. 
The arrest data specify the type, location, and 
date of each ICE arrest, which also affords a 
level of heterogeneity in analysis. We estimate 
a difference-in-differences model, following 
Brantly Callaway and Pedro H. C. Sant’Anna 
(2021), to compare the Hispanic-White test 
score gap between school districts with high 
levels of immigration enforcement activity and 
those without.

Two key sources of variation allow us to 
identify the effects. First, our outcome variable 
captures the difference between Hispanic and 
White students within a school district. We 
chose to focus on the Hispanic-White test score 
gap, as there is extensive literature on the ra-
cialized consequences of immigration en-
forcement (Flores and Schachter 2018; Asad 

and Clair 2018). Thus, not only are undocu-
mented Hispanic students going to be af-
fected by the shocks to their community 
caused by ICE apprehensions at higher rates 
than their White peers, but additionally, both 
undocumented and documented students 
might be directly affected if someone in their 
family is apprehended. Regardless, as Frank 
D. Bean and colleagues (2015) examine—legal 
status is a central axis of inequality for His-
panic Americans, and our study highlights 
one of these areas.

Our second source of variation is the differ-
ing levels of ICE enforcement across school dis-
tricts. Although this variation may appear en-
dogenous—since school districts with higher 
proportions of Hispanic families, regardless of 
immigration status, are likely to have a greater 
number of enforcement events—we do not be-
lieve it affects our outcome variable, which is 
the difference between Hispanic and White test 
scores.

The findings indicate that ICE enforcement 
within a school district significantly impacts 
Hispanic children’s test scores, particularly 
when enforcement is substantial (right-tail 
events) and occurs directly in communities. 
Specifically, such enforcement actions in-
creased the White-Hispanic test score gap by 
between 0.27 and 0.52 of a standard deviation 
in math and between 0.28 and 0.52 of a stan-
dard deviation in reading language arts.

This analysis also reveals a statistically pre-
cise negative effect on student performance on 
standardized test scores when there is large-
scale ICE enforcement. An unintended conse-
quence of immigration enforcement policies in 
the US is their effect on young, school-age chil-
dren. Other literature by Benjamin Meadows 
(2021) points to the fact that these negative ef-
fects are not held by immigrants alone—young 
US citizens are affected as well.

We contribute to the broader literature on 
the unintended effects of immigration enforce-
ment, and more specifically, the effects on chil-
dren. In general, children of immigrants are 
worse off across many dimensions with more 
intense immigration enforcement. After in-
creases in immigration enforcement, children 
live in an increased level of poverty (Amuedo-
Dorantes et al. 2018) and can have blunted early 
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childhood development (Gonzalez and Patler 
2021).

Literature has developed around the effects 
of increased immigration enforcement on 
young children’s educational achievement and 
attendance. J. Jacob Kirksey and Carolyn Sattin-
Bajaj (2021) find that California children’s aca-
demic performance was hindered by local im-
migration enforcement. Additionally, Kirksey 
and Sattin-Bajaj (2025, this issue) show that an 
ICE raid on Load Trail LLC in 2018 not only de-
creased four-year college enrollment among 
Hispanic and English-learner students (a com-
mon proxy for students lacking documenta-
tion) but also increased high school employ-
ment in those populations, likely stemming 
from students choosing to enter the workforce 
rather than four-year colleges. Laura Bellows 
(2019) also finds that activation of Secure Com-
munities decreased achievement scores in His-
panic and Black students. Finally, while 
Thomas Dee and Mark Murphy (2018) docu-
ment large disenrollments among Hispanic 
students in the face of Section 287(g) partner-
ships, Benjamin Meadows and Griffin Edwards 
(2023) find that most students in Southeastern 
states remained in the classroom during the 
brunt of harsh local immigration enforcement 
laws. The research presented in this article un-
derscores the effects using more detailed data, 
confirming what was already understood from 
assessments of large-scale policies.

Biases against certain ethnicities or nationali-
ties can translate into discriminatory practices 
in hiring, wage setting, and access to public 
services, contributing to economic inequality. 
These biases likely also translate to the class-
room. For example, René D. Flores and Ariela 
Schachter (2018) demonstrate that factors such 
as national origin and social status cues (like 
occupation, education, and language fluency), 
as well as other characteristics or police re-
cords, influence whether someone is perceived 
as undocumented. Asad L. Asad and Matthew 
Clair (2018) expand this with the idea of racial-
ized legal status (RLS), defining it as a seem-
ingly race-neutral legal category that dispropor-
tionately affects racial/ethnic minorities. They 
argue that RLS functions as a social determi-
nant of health, contributing to disparities 

through direct effects on individuals who hold 
the status and indirect spillover effects on their 
racial/ethnic group members. Cecilia Menjívar 
(2021) also highlights the extensive research ex-
ploring the criminalization and racialization of 
immigrants through legal frameworks, media 
portrayals, and enforcement action. This work 
underscores how legal statuses, enforcement 
programs such as 287(g), media stereotypes, 
and local contexts contribute to discrimina-
tion, disparate impacts, and negative experi-
ences for various immigrant groups, often 
along racial and ethnic lines. Thus, if ICE en-
forcement programs target majority-Hispanic 
communities, there are multiplicative effects 
expected, and these ripple out throughout the 
community, regardless of enforcement pur-
poses.

We also add to the literature that looks spe-
cifically at the effects of immigration enforce-
ment actions, not just the enforcement poli-
cies. Catalina Amuedo-Dorantes and Francisca 
M. Antman (2022) find that ICE deportations 
reduce labor force participation in likely un-
documented workers. Conversely, Daniel Cor-
ral (2021) finds that sanctuary policies may 
have an insulating effect on these typically del-
eterious consequences. At the same time, the 
interaction of natural disasters and visibility 
and detection by ICE has been investigated by 
Agustina Laurito and Ashley N. Muchow (2025, 
this issue), who show increased labor force 
participation in the face of home-country 
natural disasters, leading to greater detection 
by ICE.

Also, local policing practices and percep-
tions of legal status further complicate the ed-
ucation of immigrant communities. Joscha 
Legewie and Jeffrey Fagan (2019) demonstrate 
that aggressive policing tactics can negatively 
impact the educational outcomes of minority 
youth, potentially limiting their future eco-
nomic opportunities. This is reinforced by 
Legewie and colleagues (2022), who find that 
increased police presence around college cam-
puses can reduce the academic performance of 
undocumented male students. Using student 
data from the City University of New York, they 
observe particularly sharp effects in Black and 
South Asian men who face heightened surveil-
lance, demonstrating significant consequences 
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of local policing for undocumented individu-
als. The intersection of legal status and local 
law enforcement creates significant barriers to 
human capital development for this popula-
tion, as our article reinstates.

Data
To understand the effect of local immigration 
enforcement upon local student populations, 
we merge two unique data sets. First, we use 
ICE apprehension data from the New Orleans 
field office. Second, we merge this into the 
SEDA data archive, which includes the universe 
of student achievement scores.

Enforcement Data
To measure the effects of immigration enforce-
ment on children’s human capital accumula-
tion, it is important to focus on ICE’s on-the-
ground activity. Specifically, we focus here on 
apprehensions by ICE. Typically, deportations 
are the most-reported and displayed events 
from ICE, yet they also represent the last link 
in a lengthy chain of administrative events (ar-
rests, court dates, transfers to other facilities, 
final orders, and so on) (Moinester 2024). Alter-
natively, ICE apprehensions represent the gen-
esis of that administrative cascade of events, 
and thus may still be highly influential in com-
munities. There are several different types of 
ICE apprehensions, but in general, one can de-
fine an ICE apprehension as the point in time 
when a person is transferred to ICE custody, 
whether by jail transfer or in-person arrests. 
The data for daily ICE enforcement operations 
come from a Freedom of Information Act 
(FOIA) request we filed with ICE. These data are 
the records of every individual apprehended by 
ICE’s Enforcement and Removal Operations 
(ERO) from 2008 to 2018. Each data point is an 
arrest at the individual level from the New Or-
leans field office, which covers Louisiana, Ar-
kansas, Mississippi, Tennessee, and Alabama. 
Thus, our research and results are pinned to 
the Southeastern context. Each observation in-
cludes the individual’s country of origin, ap-
prehension location, arrest method, arrest pro-
gram, and date. Arrest program typifies the 
program used to apprehend the individual un-
der ERO, which can be the Criminal Alien Pro-
gram (CAP), Section 287(g) of the Immigration 

and Nationality Act, or a targeted apprehension 
program that includes the arrest methods Non-
Custodial Arrests and Located Arrests. Arrest 
method is defined as the type of apprehension 
ICE executes within the aforementioned pro-
grams and includes specific indicators such as 
local, state, or federal arrests under CAP.

In addition to location, we are able to isolate 
different types of operations undertaken by 
ICE.

In our data, there are five common arrest 
methods outlined by ICE: Federal Criminal 
Alien Program, Local Criminal Alien Program, 
State Criminal Alien Program, Located Arrests, 
and Non-Custodial Arrests. For instance, ICE 
can detain or request to detain undocumented 
individuals arrested by other agencies for non-
immigration offenses (drunk driving, theft, and 
so on) under CAP. The majority of the arrests 
in our data are these types of detainers, in 
which custody is transferred from the specific 
authority to ICE. Specifically, these are coded 
as CAP Local (78 percent), CAP State (3 percent), 
and CAP Federal (7.8 percent). For the remain-
der of the article, all CAP programs are treated 
as one.

The other arrest types are more direct ap-
prehensions, with Located Arrests (4.6 per-
cent), Non-Custodial Arrests (2 percent), and 
287(g) arrests (1 percent). While these types of 
arrests are smaller in number, they are impor-
tant to include as they codify the moments 
when ICE removes an individual from the pub-
lic specifically for immigration violations. Lo-
cated Arrests are where an individual is directly 
located and arrested by ICE. Since Located and 
Non-Custodial Arrests occur more visibly than 
jail transfers, it stands to reason that these ar-
rest types could translate into larger commu-
nity reactions, which may affect the well-being 
of students. It follows that the estimates of 
interest in our model rely on Located and Non-
Custodial apprehensions rather than the total 
of ICE activity. Lastly, 287(g) arrests stem from 
the section of the Immigration and Nationality 
Act that authorizes local and state enforcement 
officials to perform immigration enforcement 
operations (Peacock 2025, this issue). In our 
data, these arrests typically occur only in the 
counties or districts that signed agreements 
with ICE to do so.
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Overall, these ICE records obtained through 
FOIA create a picture of enforcement levels 
and totals on any given day in this study area. 
We display the yearly arrest totals for all types 
of ICE enforcement in figures 2–6. The gen-
eral shape of ICE enforcement activities in fig-
ure 1—with peaks in the early 2010s and again 
in 2016–2018—matches different executive 
branch’s administrative priorities.

To merge this data with SEDA achievement 
outcomes, we leverage the shapefiles for each 
school district provided by SEDA—placing the 
GPS coordinates from the ICE data within the 
school districts. From there, we aggregate the 
number of arrests within our time period, 
which corresponds to the academic school year. 
When we aggregate all arrest types across all 
years, we see that the majority of the arrests oc-
cur in the largest cities—and therefore school 
districts—within the states: Fayetteville, Arkan-

sas; Nashville, and Knoxville, Tennessee; Jack-
son, Mississippi; Birmingham, Alabama; and 
New Orleans, Louisiana (figures 2, A.1, and A.2). 
Additionally, figure 2 shows that port areas, 
such as New Orleans, Louisiana, and Mobile, 
Alabama, see increased enforcement numbers. 
When we aggregate only Located Arrests (ar-
rests where ICE directly arrests an individual), 
we see a different pattern (figure 5). Further, 
when we incorporate Non-Custodial Arrests 
with Located Arrests areas such as Memphis, 
Tennessee; coastal Louisiana; and northern Al-
abama all show prominent numbers of these 
arrest types. As previously mentioned, 287(g) 
arrests only occur in a few areas due to agree-
ments struck between ICE and local munici
palities or counties (Fayetteville, Arkansas; 
Nashville and Knoxville, Tennessee; and Baton 
Rouge, Louisiana), as seen in figure 3. Lastly, in 
figure 4, CAP ( jail transfer) arrests are highly 

Figure 1. Total ICE Apprehension, by Day

Source: Merged ICE x SEDA datafile.
Note: The total number of ICE apprehensions across all arrest types is aggregated by day and plotted 
for the entire panel.
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Figure 2. All ICE Arrests, 2008–2018, in Southeastern School Districts

Source: Merged ICE x SEDA datafile. 
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Figure 3. All Section 287(g) ICE Arrests, 2008–2018, in Southeastern School Districts

Source: Merged ICE x SEDA datafile.
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Figure 4. All CAP Arrests, 2008–2018, in Southeastern School Districts

Source: Merged ICE x SEDA datafile.
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Figure 5. All Located ICE Arrests, 2008–2018, in Southeastern School Districts

Source: Merged ICE x SEDA datafile.
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variable across geographies, which partially re-
flects the holding jails of ICE (Mississippi and 
Louisiana) as well as the inherent randomness 
of transferring individuals in and out of custody.

Education Data
To assess student test scores, we use the nation-
wide standardized test score database from 
SEDA (Fahle et al. 2021). A large literature has 
grown from these data in not only education 
(Bellows 2019; Chin et al. 2020; Reardon et al. 
2019; Welsh and Swain 2020; Rossin-Slater et al. 
2020) but also economics (Abott et al. 2020; 
Baum-Snow et al. 2019; Bergman et al. 2019; 
Park et al. 2021). We specifically use SEDA Ver-
sion 4.1 with estimates spanning from the 2008–
2009 to 2017–2018 academic years. For effi-
ciency, we simplify 2008–2009, for example, to 
academic year 2009 for the remainder of the ar-
ticle. The SEDA data leverages test score data 
required by the No Child Left Behind Act, which 
was then reported to the National Center for 
Education Statistics. SEDA is a uniquely com-
prehensive dataset that aggregates approxi-
mately 430 million standardized test scores 
from the 2009 through 2018 academic years. 
The dataset places state-administered assess-

ments onto a unified national scale, facilitating 
consistent comparisons of educational oppor-
tunity across states, counties, school districts, 
and individual schools (Fahle et al. 2021). Rather 
than being sampled, it is population-level, en-
compassing nearly all US public school stu-
dents. This allows for a direct, census-like de-
scription of student achievement nationwide.

From SEDA, we extract standardized test 
scores for grades 3 through 8 across all US 
school districts. The data include subgroup es-
timates disaggregated by student race, ethnic-
ity, and economic disadvantage status. Our 
analyses incorporate scores from both mathe-
matics and reading language arts (RLA) assess-
ments. All achievement metrics are standard-
ized and reported in terms of standard 
deviations relative to the national distribution 
of student-level test scores.

This makes SEDA data particularly appeal-
ing given that it is normalized to a common 
scale, allowing test scores at each grade, sub-
ject, and ethnic group to be compared across 
county and state lines (Fahle et al. 2021). In ad-
dition to average achievement levels, we also 
incorporate district-level achievement gaps re-
ported by SEDA, where available. These gaps 

Figure 6. All Located and Non-Custodial ICE Arrests, 2008–2018, in Southeastern School Districts

Source: Merged ICE x SEDA datafile.
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quantify the difference in academic perfor-
mance between specified student groups and 
serve as key indicators of educational inequal-
ity. Because our ICE data precede our SEDA 
data by one year, we limit our analysis to aca-
demic years 2009–2018, focusing on grades 3 
through 8. Our reported estimates reflect the 
effect size; or explicitly, a one unit increase in 
average achievement is as if a school district’s 
average Hispanic student scored one standard 
deviation higher than the national grade refer-
ence achievement score (Bennett 2020). For 
context, David E. Frisvold (2015) estimated a 
positive 0.09 SD increase in test scores follow-
ing the adoption of universal school lunches, 
while Eunsik Chang and Maria Padilla-Romo 
(2023) estimated a 0.11 SD test score drop for 
students who were exposed to violent crimes 
near their schools.

Analy tic Str ategy and Results
To assess the impact of ICE enforcement on 
schoolchildren, we leverage the depth of the 
SEDA database to estimate the difference in the 
achievement gap between White and Hispanic 
students, across districts that receive high lev-
els of ICE enforcement compared to those that 
do not (table 1). This affords an extra layer of 
robustness as compared to a classic difference-
in-differences methodology, which might em-
pirically fit where students who receive treat-
ment are differenced out from those who do 
not before and after the event. Characteristics 
endogenous to the student population will 
likely be captured in our within-district esti-
mates, specifically anything affecting all stu-
dents in the district. This is accounted for not 
only in the district-level fixed effect but also in 

the fact that we estimate the gap between White 
and Hispanic students in the same district. For 
example, enforcement is endogenous to the 
makeup of the local community. ICE enforce-
ment events rarely occur in predominately non-
Hispanic school districts. Because our outcome 
variable captures the differences between white 
and Hispanic students within a school district, 
it should control for unobserved heterogeneity 
between school districts. We choose to look at 
White students as a control cohort because 
White students typically are unaffected by ICE 
enforcement (Meadows 2021; Bellows 2019) 
making them a good control group. Explicitly, 
we model a difference-in-differences model per 
Brantly Callaway and Pedro H. C. Sant’Anna 
(2021), but also leverage a key feature of the 
SEDA dataset—the White-Hispanic test score 
gap. While enforcement is endogenous to the 
makeup of the local community, as ICE en-
forcement events rarely occur in predominately 
White school districts, our outcome variable 
captures the differences between the target 
population and others within a school district.

This outcome variable is advantageous, as it 
allows us to compare the difference in test 
scores of Hispanic students to White students 
within the same school district against the dif-
ference in test scores of Hispanic and White 
students in school districts that never receive 
ICE enforcement after an ICE enforcement 
event. This pseudo-triple-difference allows us 
to account for unobserved differences between 
school districts (including geographic sorting 
of families), unobserved differences between 
White and Hispanic students, and any tempo-
ral or other cross-boundary events that could 
confound our analysis.

Table 1. Summary Statistics—Achievement Scores

Math Achievement Scores RLA Achievement Scores

N Mean SD N Mean SD

All students 40470 −.2493579 .3782498 41247 −.1717547 .342783
White 34747 −.0455919 .3399081 35864 .0395518 .3095359
Hispanic 7967 −.3169334 .3130288 7797 −.3163735 .2983609
Black 23200 −.6157642 .3082515 23862 −.522243 .2765474
Female 36281 −.1964859 .3675684 37355 −.0084557 .3460839

Source: Merged ICE x SEDA datafile. 
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1. Alternatively, we could select cut points based on the shape of the enforcement histograms, but this would 
lead to differing quantities of treatment dates for each enforcement type, since a histogram cut point would 
leave us with 287(g) arrests receiving one treatment date and CAP arrests receiving eight.

2. A tabulated list of these events can be found in the appendix tables A.1–A.8.

As previously mentioned, ICE enforcement 
covers most geographies in our dataset, but at 
minimal levels. For instance, 64 percent of 
school districts never have an ICE enforcement 
event within a school year. Figure 7 reveals this 
gap—the most common ICE enforcement 
event is none at all. A large portion of events 
are small scale, with between one and three ar-
rests total across a decade, which might not 
factor prominently into students’ annual test 
scores. Instead, high-profile events might affect 
students the most. To this end, we focus on 
right-tail events. Figures 7 and 8 show the den-
sity of immigration events at the school dis-
trict level. Depending on the arrest type, the 
discrete number of arrest events in the right 
tail might change—meaning, a statistical cut 
point related to a percentage or standard de-
viation would lead to an unbalanced treatment 

scheme.1 So for clarity and simplicity, we run 
multiple, separate regressions, selecting only 
one type of ICE enforcement at a time and cod-
ing the ten arrest events with the highest num-
ber of apprehensions as treatment.2 School 
district-year observations within the largest ten 
arrest events are in our treatment group. All 
other school district-year observations are in 
the control group.

Given the staggered timing of the ICE events 
across our panel, combined with the need to 
control for unobserved heterogeneity across 
school districts, we estimate the two-way esti-
mator proposed by Callaway and Sant’Anna 
(2021) to account for the well-established issue 
of “forbidden” comparisons and negative 
weighting. Specifically, we use the formulation 
from Callaway and Sant’Anna (2021) that esti-
mates long gaps, using t−1 as the base period, 

Figure 7. Density of ICE Enforcement Events Within School Districts

Source: Merged ICE x SEDA datafile.
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likening the estimand—the effect the model 
aims to measure—to a standard difference-in-
differences setup. Explicitly, we estimate a 
difference-in-difference model using Callaway 
and Sant’Anna (2021) by

(1)  Yigt = ηi + ηt + β × ICEi × POSTt,

where Y is the respective test score gap between 
White and Hispanic students (reading or math) 
in i, the individual school district; g, the grade 
level; and t, the school year. Fixed effects ηi and 
ηt , help control for spatial and temporal unob-
served heterogeneity. ICE is an indicator vari-
able that represents those school districts that 
receive one of the top ten ICE enforcement 
events, and POST indicates the years that follow 
said event. Whereas there has been a statistical 
reckoning with difference-in-differences mod-
els, we address these concerns in two ways. We 
use the Callaway and Sant’Anna estimator to 
estimate a pseudo-triple difference by compar-
ing the gap between White and Hispanic stu-
dents within the same district to the gap in un-

treated districts. This approach helps explain 
some confounding, unobserved heterogeneity, 
as discussed by Andreas Olden and Jarle Møen 
(2022).

Tables 2 and 3 report the estimates of high 
ICE enforcement events, as denoted by the ICE 
variable, on the math and RLA achievement, 
respectively, differences between Hispanic and 
White students, relative to the difference of 
those students who did not have an ICE en-
forcement event in their school district. All ag-
gregated ICE arrests increase the gap between 
White and Hispanic test scores by 0.12 and 
0.067 of a standard deviation for math and RLA, 
respectively, although RLA is not precisely esti-
mated. CAP and 287(g) arrests are both impre-
cisely estimated. Located Arrests widen the gap 
between White and Hispanic students by 0.105 
and 0.10 of a standard deviation in both math 
and RLA, respectively. Table 4 reports the sum-
mary statistics by treatment level.

Given the possibility of multiple treatments 
(see appendix tables A.1–A.8), we assess the ef-
fect of a dosage style treatment by comparing 

Figure 8. Density of Non-Zero ICE Enforcement Events Within School Districts

Source: Merged ICE x SEDA datafile.
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districts that received multiple large-scale ICE 
enforcement events in the panel, as compared 
to those that did not. Explicitly, we drop the 
districts that were treated once and compare 
the estimates from the multiply treated dis-
tricts to the control (which still remains never 
treated) and use the same estimation strategy 
as before. In appendix tables A.5 and A.6, we 
see that the estimates are more muted and im-

precisely estimated, meaning that the multiply 
treated districts are not driving our results.

Discussion
In this article, we matched ICE enforcement 
data (GPS or landmark-location data) to the 
school district level—specifically, to achieve-
ment data—to understand the effect immigra-
tion enforcement has on schoolchildren. We 

Table 2. Achievement Gap, Math, White-Hispanic

All Total ICE 
Arrests

All CAP Local 
Arrests

All 287(g)  
Arrests

All Located  
Arrests

POST x ICE 0.118* 0.0760 −0.0126 0.105**
(0.0510) (0.0413) (0.0451) (0.0343)

Observations 26,816 26,673 26,973 27,011

Source: Merged ICE x SEDA datafile.
Note: Standard errors in parentheses.
* p < .05; ** p < .01; *** p < .001

Table 3. Achievement Gap, RLA, White-Hispanic

All Total ICE 
Arrests

All CAP Local 
Arrests

All 287(g)  
Arrests

All Located  
Arrests

POST x ICE 0.0668 0.0514 0.0620 0.100*
(0.0395) (0.0317) (0.0325) (0.0393)

Observations 26,318 25,867 26,852 26,657

Source: Merged ICE x SEDA datafile.
Note: Standard errors in parentheses.
* p < .05; ** p < .01; *** p < .00

Table 4. Demographic and Summary Statistics by Treatment

ICE Enforcement Area

  No Yes All

RLA scores, White students 0.0390683 0.243052 0.0400834
RLA scores, Hispanic students −0.3142646 −.4383601 −0.3164618
RLA White-Hispanic gap estimate 0.3413656 0.575192 0.3425821
Math scores, White students −0.0458852 0.1209481 −0.0450476
Math scores, Hispanic students −0.31501 -0.4178571 −0.3169729
Math White-Hispanic gap estimate 0.2741023 0.4739589 0.2752574
Poverty rate 0.190836 0.1904757 0.1908344
% Hispanic 0.0504732 0.095711 0.0506789
% economically disadvantaged 0.6601144 0.6294719 0.659972
Unemployment rate 0.0879265 0.0870962 0.0879227

Source: Merged ICE x SEDA datafile.
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3. The SEDA data is undated within an academic year. Because states administer standardized tests at different 
points in the year, we cannot precisely align enforcement events with the timing of test administration.

find tightly estimated and strongly negative test 
score drops among the Located Arrests and 
Non-Custodial Arrests categories of ICE en-
forcement. While these precise estimates are 
informative, they are unsurprising. Given what 
researchers have established about traumatic 
events (Shany 2016; Chang and Padilla-Romo 
2023), the fact that test scores drop when ICE 
executes a large-scale operation within the 
school district might be expected. However, 
contextualizing how traumatic this event might 
be is additionally important.

Here, we rely on Matthew A. Kraft’s (2020) 
proposed guidelines and effect size bench-
marks to better understand our results. These 
guidelines help set expectations about the ef-
fect sizes and place them into context, given 
the research design. To develop them, Kraft 
evaluated almost two thousand effect sizes 
from 747 randomized controlled trials (RCTs) 
and proposed new benchmarks for education 
research: Less than 0.05 is small, between 0.05 
and 0.20 is medium, and greater than 0.20 is 
large. While we do not study a positive educa-
tion intervention, these benchmarks are appro-
priate since we use standardized achievement 
scores as our outcome. We can situate the re-
sults presented here, while negative, against 
these positive benchmarks.

To put our results in context with other sim-
ilar studies, it is important to analyze the re-
sults in light of the features of our specific re-
search design. The magnitude of the effect 
sizes we present is affected by what outcome 
we used and when it was measured.

One could describe the annual, district-level 
achievement scores we used as sticky—or dif-
ficult to change—especially in large districts, 
where treated students might make up a small 
minority. Given this, the medium-sized effect 
we estimate on the gap between White and 
Hispanic students is quite considerable. One 
might think that documented Hispanic stu-
dents would respond to immigration enforce-
ment in a milder way than undocumented 
students. However, our outcome data only 
identified Hispanic students, which might 

have minimized the true effects. In addition, 
one would expect the effect size to be larger in 
our situation if we could measure the effects 
of a standardized test taken immediately in 
the wake of an immigration enforcement in-
cident, as done in Eunsik Chang and Maria 
Padilla-Romo’s (2023) study. We imagine the 
salience of any existing trauma could affect 
student performance much more than in our 
annual sample.3

In addition, the treatment and control sam-
ples selected play a role in the size and inter-
pretation of the result. We used data aggre-
gated at the district level, relying on large 
numbers of enforcement incidents to identify 
treatment. Some school districts are large 
enough to have multiple schools, some of 
which might not have been affected by an iso-
lated immigration-related apprehension. If ar-
eas within a treated observation acted like a 
control observation, we would expect, again, a 
larger treatment effect. Being able to aggregate 
the data at the classroom level or gain access to 
individual-level data would have better isolated 
the treatment.

Given all this discussion of effect sizes and 
Kraft’s (2020) updated benchmarks, we con-
sider our results a medium-sized, lower-bound 
estimate of the potential educational achieve-
ment effects of a large-scale immigration en-
forcement incident. The realized effects could 
be much greater than our model was able to 
detect.

We propose two mechanisms that could be 
causing the increase in the White-Hispanic 
achievement gap, both of which have a direct 
effect on children’s performance on standard-
ized test scores. First, Located Arrests could be 
creating pockets of absenteeism among His-
panic students not identified in the aggregate 
data. Second, these events could be placing un-
due amounts of stress on children with undoc-
umented family members. Even if students are 
not missing school, the atmosphere outside the 
classroom could make learning difficult, im-
peding success on the standardized tests, as 
detailed thoroughly in Frank D. Bean and col-
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leagues’ (2015) work. Both absenteeism and 
stress could result from an actual Located Ar-
rest, but they could also be the result of the 
threat of increased enforcement. While the 
threat of increased activity is nearly impossible 
to measure, it is likely present in our control 
districts. If control districts are substantially 
affected by this threat in the same way as 
treated districts, the result we find might be 
moderated.

It is important to note that this article doc-
uments learning losses rather than improve-
ments. Therefore, these contextualizations are 
likely to be conservative in nature. For in-
stance, David E. Frisvold (2015) estimates a 
positive 0.09 standard deviation increase in 
test scores following the adoption of universal 
school lunches. Our estimate of Located Ar-

rest events on Hispanic student test scores is 
65 percent of that estimate. Additionally, Eun-
sik Chang and Maria Padilla-Romo (2023) es-
timated a 0.11 standard deviation test score 
drop for students who were exposed to violent 
crimes near their schools. Thus, a rough com-
parison of effect sizes shows an ICE enforce-
ment event is half as detrimental as having a 
violent crime near the school. So, while our 
estimates are expected on the policy scale, 
they are nonetheless consequential by com-
parison. Research by Benjamin Meadows 
(2021) shows that undocumented and docu-
mented students share the burden of immi-
gration enforcement legislation, suggesting 
that the human capital losses in this study are 
likely distributed between citizens and non-
citizens alike.

Appendix . ICE Enforcement 
Levels, District Achievement, 
and Event Study Results

Table A.2. List of Districts with the Highest Enforcement: CAP Local

2010 2011 2012 2013 2014 2015 Total

Davidson County × × × ×
Gulfport School District × ×
Knox County × ×
Murfreesboro × ×
Rankin County School District × ×
Shelby County × × × × × × × × × × ×

Source: Merged ICE x SEDA datafile.

Table A.1. List of Districts with the Highest Enforcement

2010 2011 2012 2013  2014–2018 Total

Birmingham City
Davidson County
Natchez-Adams School 
District
Rankin County School 
District
Shelby County

×

×
×

×

×
×
×

×

× × × × × × × × × ×

Source: Merged ICE x SEDA datafile. 	
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Table A.3. List of Districts with the Highest Level of Section 287(g) Enforcement

2013 2014 2018 Total

Bentonville School District × × ××
Davidson County × × ×
East Baton Rouge Parish × × × ×
Etowah County × × × ×
Fayetteville School District × × × ×
Gadsen City × × × ×
Knox County × ×

Source: Merged ICE x SEDA datafile.

Table A.4. List of Districts with the Highest Level of Located Enforcement

2009 2010 2011 2012 2014 2016 2017 2018 Total

Birmingham City × × × × × ×
Davidson County × ×
Etowah County × ×
Jefferson Parish × × × × × × × × × × ×
Orleans Parish × ×
Rankin County School District × ×
Shelby County × × × ×

Source: Merged ICE x SEDA datafile.

Table A.5. Achievement Scores for Districts Receiving Multiple Enforcement Events (Math)

All Total ICE 
Arrests

All CAP Local 
Arrests

All 287(g)  
Arrests

All Located  
Arrests

POST × ICE −0.0221 −0.00752 −0.0134 −0.0176
(0.0277) (0.0294) (0.0509) (0.0394)

Observations 21,247 21,478 26,190 20,669

Source: Merged ICE x SEDA datafile.
Note: Standard errors in parentheses.
* p < .05; ** p < .01; *** p < .001

Table A.6. Achievement Scores for Districts Receiving Multiple Enforcement Events (RLA)

All Total ICE 
Arrests

All CAP Local 
Arrest 

All 287(g)  
Arrests

All Located  
Arrests

POST × ICE −0.0197 −0.0447 0.0780* −0.00325
(0.0180) (0.0288) (0.0385) (0.0327)

Observations 20,770 21,035 25,867 20,291

Source: Merged ICE x SEDA datafile.
Note: Standard errors in parentheses.
* p < .05; ** p < .01; *** p < .001



r s f :  t h e  r u s s e l l  s a g e  f o u n d a t i o n  j o u r n a l  o f  t h e  s o c i a l  s c i e n c e s

	 i c e  a t  t h e  d o o r ,  t e s t s  o n  t h e  f l o o r 	 119

Table A.8. White-Hispanic Achievement Gap in RLA, Any ICE Enforcement

All Total ICE 
Arrests

All CAP Local 
Arrests

All 287(g)  
Arrests

All Located  
Arrests

POST × ICE 0.00678 0.00666 0.0574 0.0317
(0.0203) (0.0202) (0.0331) (0.0251)

Observations 17,500 17,703 25,987 23,239

Source: Merged ICE x SEDA datafile.
Note: Standard errors in parentheses.
* p < .05; ** p < .01; *** p < .001

Table A.7. White-Hispanic Achievement Gap in Math, Any ICE Enforcement

All Total ICE 
Arrests

All CAP Local 
Arrests

All 287(g)  
Arrests

All Located  
Arrests

POST × ICE 0.0185 0.0197 0.0608 0.0426
(0.0210) (0.0208) (0.0317) (0.0241)

Observations 18,568 18,937 26,399 23,910

Source: Merged ICE x SEDA datafile.
Note: Standard errors in parentheses.
* p < .05; ** p < .01; *** p < .001

Figure A.1. Event Study for Each Type of ICE Enforcement, RLA

Source: Merged ICE x SEDA datafile. 
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