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the same multi-student incident identifies systematic racial biases in sentencing decisions. On both the intensive
and extensive margins, Black and Hispanic students receive harsher sentences than their white co-conspirators.
This result is driven by high school infractions and mainly applies to “more severe” infractions that involve

fights or drugs. Reducing racial disparities in exclusionary discipline will require addressing underlying gaps in
disciplinary referrals and the systematic biases that appear in the adjudication process.

1. Introduction

Racial disparities in exclusionary discipline (i.e., suspensions) in U.S.
public schools are striking: for example, the 2013-14 Civil Rights Data
Collection finds that Black students accounted for 40% of suspensions
but only 16% of enrollments. These discrepancies frequently arise be-
tween students in the same school or district, particularly in large, in-
tegrated urban school districts (Chin, 2021). Such disparities are the
subject of much debate and concern for two broad reasons. First, sus-
pensions likely affect numerous important long-run socioeconomic out-
comes that hinder mobility, contribute to inequality, and create an array
of social costs that cities must absorb (Bacher-Hicks et al., 2019; Davi-
son et al., 2021; Sorensen et al., 2022; Weisburst, 2019). This motivates
efforts to reduce the use of exclusionary discipline, which dispropor-
tionately harms students of color (Steinberg and Lacoe, 2017; Davison
et al., 2021). Second, racial disparities in exclusionary discipline may be
artificial in the sense that they result from systematic biases, or “inten-
tional discrimination,” in schools’ handling of student indiscipline and
not underlying racial differences in student behavior.

A 2014 Dear Colleague Letter from the Obama Administration de-
fines this type of intentional discrimination as occurring “when a school

has a discipline policy that is neutral on its face (no explicit mention of
race), but the school administers the policy in a discriminatory manner...
[such as] when similarly situated students of different races are disci-
plined differently for the same offense.” Determining the prevalence of
such intentional discrimination has implications for how schools and
policy makers might reduce racial disparities in exclusionary discipline.
Doing so is important, as racial disparities in educational outcomes,
which are indicative of untapped potential, suggest that many cities
are missing out on the myriad benefits of a well educated citizenry:
education is associated with increased productivity (Moretti, 2004),
more civic engagement (Dee, 2004), and reduced crime (Lochner and
Moretti, 2004). There are also budgetary implications for cities in terms
of lost tax revenue and increased social spending (Sum et al., 2009). And
while school quality explains some geographic variation in economic
mobility (Chetty and Hendren, 2018), large Black-white differences in
economic mobility rates among boys still exist within neighborhoods
(Chetty et al., 2020) that are consistent with the type of intentional
discrimination studied here.

Causal identification of systematic biases in sentencing decisions is
challenging because no two infractions are identical, and researchers
typically do not observe the student behaviors that lead to student sus-
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pensions.! Barrett et al. (2019) introduce a novel solution: compare the
suspension lengths (in days) received by students of different races who
were involved in the same incident.? Using administrative data on sus-
pensions in Louisiana, the authors use an incident fixed effects (FE) strat-
egy to compare student-specific disciplinary outcomes following fights
between Black and white students. They find that Black students receive
longer suspensions, on average, than their white counterparts. The dif-
ference is modest in size but statistically significant. This finding sug-
gests that intentional discrimination in the adjudication of these fights
contributes to the Black-white suspension gap.

We extend this approach to testing for intentional discrimination and
probe the identifying assumptions in a few ways using rich administra-
tive data from a large and diverse urban school district in California
with sizable enrollments of white, Black, Hispanic, and Asian students.
A primary contribution of our study is to rigorously test for racial bias
in exclusionary discipline in a new context outside the American South,
particularly among Hispanic students, who constitute the fastest grow-
ing ethnic group in the U.S.

Our second contribution relies on disciplinary referral data in addi-
tion to realized suspensions, as not all referrals lead to a suspension.>
This is important for a few reasons. First, if suspensions are the sole
measure of misbehavior, prior referrals that did not lead to a suspen-
sion are an omitted variable that could influence the suspension as-
signed to subsequent incidents.* Second, by relying solely on suspen-
sions, Barrett et al. (2019) omit students who were involved in the same
fight but were not suspended. This form of sampling on the dependent
variable is potentially problematic because there are consequences on
the extensive margin (being suspended) over and above those of being
suspended for an additional day, which would underestimate the mag-
nitude of intentional discrimination. Observing all referrals in addition
to associated suspension outcomes allows us to avoid both problems.

Third, the universe of referrals allows testing for intentional dis-
crimination in all disciplinary infractions. This is useful because fights
are potentially unique in having an instigator, which might lead to an
omitted variables bias, and because principals’ biases might vary by in-
fraction type. Moreover, knowing whether intentional discrimination is

1 An analogous challenge exists in studies of racial bias in police’s use of force
(Fryer, 2019).

2 Shi and Zhu (2021) adopt a similar strategy and replicate these findings in
North Carolina.

3 We use the terms disciplinary referrals and office referrals interchangeably.
These occur when an adult in the school, usually a teacher, refers a student
for misbehavior. The school’s principal or assistant principal then reviews the
situation and decides how much, if at all, to suspend the student. Referrals nec-
essarily precede all suspensions, but have no direct consequences of their own,
and need not lead to a suspension.

4 Asimple example illustrates the problem: 1) suppose two students, one Black
and one white, are otherwise identical in terms of socioeconomic and academic
background, and are in the same classes; 2) they participate equally in a fight,
and receive suspensions of 5 and 2 days, respectively 3) this was the first suspen-
sion of the school year for each student. This is the data available in previous re-
search (e.g., Barrett et al., 2019), which suggests intentional discrimination: the
Black student received a harsher punishment for the same infraction. However,
now consider some additional information: 1) the principal’s leniency decreases
with each incident (referral); 2) this was the Black student’s third disciplinary
referral but the white student’s first. Assuming that there is no systemic racial
bias in the office referrals themselves (i.e., they’re accurate), this new infor-
mation makes the difference in suspension length appear less biased. Whether
racial bias exists in office referrals is an empirical question that falls outside
the scope of this study. It likely does, since teachers make most referrals and
their assessments of student behavior are sometimes biased (Dee, 2005). That
said, racial biases against students of color in the referral process would not
explain the sentencing disparity provided in the current example; if anything,
principals aware of this might be more lenient with students of color, such that
the discrepancies we observe provide a lower bound for the amount of inten-
tional discrimination. In any case, relying on suspension data alone makes it is
impossible to know, and thus to account for, a student’s disciplinary history.
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more pronounced for certain types of infractions provides information
for the design of interventions and policies that aim to reduce racial
disparities in exclusionary discipline.

Finally, these data facilitate one of the first systematic, quantitative
descriptions of the referral process, as nearly all existing research on
racial disparities in exclusionary discipline focuses on suspensions (e.g.,
Anderson et al. 2017; Bacher-Hicks et al. 2019; Barrett et al. 2019; Holt
and Gershenson 2019; Lindsay and Hart 2017; Kinsler 2011) and not the
referral and reporting process that necessarily precedes the decision of
whether, and for how long, to suspend a student.® Referrals merit the at-
tention of researchers and policymakers independent of their connection
to suspensions because even when referrals do not result in exclusionary
discipline, they are intermediate educational outcomes that can erode
students’ trust in teachers, the quality of student-teacher relationships,
and students’ engagement in school. Strained student-teacher relation-
ships and student disengagement can harm achievement and lead to
future disciplinary infractions. We cannot distinguish racial disparities
in referrals from underlying behavioral differences, though the current
study advances our understanding of the referral process’s role in racial
disparities in exclusionary discipline.

We begin our analyses by describing the distribution of disciplinary
referrals and the rate at which referrals result in suspensions. Decompos-
ing the large, unconditional Black-white gaps in suspensions and refer-
rals show that they are primarily driven by within-school variation. For
example, Black students are about 4.5 times more likely to be suspended
in a given year than their white peers in the same school. However, we
go beyond past research by conducting similar analyses of disciplinary
referrals and find that Black students are more than twice as likely to
have received at least one disciplinary referral as their white peers in the
same school. This suggests that part of the racial gap in suspensions is
due to underlying differences in the frequency of office referrals. How-
ever, the racial gap in referral propensities is not the sole reason for the
racial gap in suspensions, as we also find that the conversion rate of re-
ferrals into suspensions is significantly higher for Black than for white
students.

Following Barrett et al. (2019), we then test for intentional discrimi-
nation by using an infraction-FE approach. These estimates show a clear
and consistent pattern in which Black and Hispanic students are pun-
ished more severely than white students who were involved in the same
incident and had the same prior disciplinary histories. Specifically, Black
students were about 2 percentage points (67%) more likely to be sus-
pended than white students involved in the exact same incident. This
finding is robust to controlling for past achievement, referrals, and sus-
pensions, suggesting that intentional discrimination explains a nontriv-
ial share of this disparity. Interestingly, this type of intentional discrim-
ination seems confined to high schools and more severe types of inci-
dents.

2. Data

Administrative data come from a large and demographically diverse
urban school district in California for the 2016-17 through 2019-20
school years (and lagged disciplinary and test score data from 2015
to 16). Panel A of Table 1 summarizes the student-by-year level ana-
lytic sample. The district served 84,056 unique students in grades K-12
(240,652 student-year observations in about 200 unique schools each
year) during this time, of which 12% are white, 7% are Black, 30% are
Hispanic, and 33% are Asian. We use students’ home addresses to iden-
tify their residential census tract, which we then use to create a proxy
for students’ socioeconomic status (i.e., poverty rate in their neighbor-
hood).

5 An exception is Girvan et al. (2017), which conducts descriptive analyses of
referral data.
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Table 1
Student-by-Year Descriptive Statistics.
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All Students ~ Race Comparison
White Black Hispanic  Asian Other

@™ ) 3) @ ) (6)
Panel A: Student characteristics
White 0.12 1.00
Black 0.07 1.00
Hispanic 0.30 1.00
Asian 0.33 1.00
Other Race 0.18 1.00
Female 0.48 0.49 0.49 0.47 0.48 0.48
Special Education 0.16 0.14 0.29 0.20 0.10 0.14
Elementary School 0.41 0.45 0.36 0.42 0.34 0.54
Middle School 0.21 0.21 0.24 0.21 0.24 0.14
High School 0.30 0.24 0.34 0.29 0.37 0.18
Missing Grade-Level 0.08 0.09 0.05 0.07 0.05 0.13
Resides in Poorest Neighborhood 0.22 0.07 0.51 0.27 0.18 0.20
Resides in Poor Neighborhood 0.24 0.20 0.19 0.27 0.25 0.21
Resides in Less Poor Neighborhood 0.22 0.25 0.12 0.19 0.25 0.22
Resides in Least Poor Neighborhood ~ 0.24 0.40 0.11 0.18 0.24 0.27
Missing Poverty Data 0.09 0.09 0.08 0.09 0.07 0.10
Lagged Non-cumulative GPA 3.13 3.23 2.86 2.96 3.28 3.15

[0.54] [0.41] [0.70] [0.60] [0.50] [0.39]
Missing Lagged GPA data 0.64 0.69 0.64 0.67 0.50 0.78
Panel B: Disciplinary outcomes
At least one referral 0.08 0.05 0.26 0.12 0.03 0.07
Total referrals 0.37 0.13 1.77 0.49 0.08 0.33

[2.67] [1.16] [6.33] [2.78] [0.84] [2.76]
Total referrals conditional on 4.56 2.93 6.91 4.08 2.48 4.92
at least one referral [8.24] [4.93] [10.98] [7.08] [4.00] [9.57]
At least one suspension 0.02 0.01 0.07 0.02 0.01 0.01
Total suspensions 0.02 0.01 0.11 0.03 0.01 0.02

[0.25] [0.13] [0.58] [0.14] [0.12] [0.21]
Total suspensions conditional 1.58 1.34 1.76 1.55 1.36 1.54
on at least one suspension [1.36] [0.89] [1.50] [1.37] [0.98] [1.40]
Total suspended days conditional 3.22 2.69 3.71 3.07 2.74 3.14
on at least one suspension [3.18] [2.24] [3.49] [3.06] [2.86] [3.24]
Ratio of Suspensions to Referrals 0.05 0.04 0.07 0.05 0.05 0.04

[0.18] [0.16] [0.19] [0.17] [0.19] [0.15]
Total Observations 240,652 29,142 17,232 71,044 79,262 43,972

Notes: Standard deviations are reported in brackets for all non-binary variables. Data come from a
large urban school district in California between the 2016-17 to 2019-20 school years. The unit of
analysis is at the student-by-year level. There are 240,652 student-by-year observations. The “other”
race category includes multiracial students and student missing race data. All the statistics above are
reported as proportions, except for the lagged GPA scores, the total referrals, total suspensions, total
suspended days, and ratio of suspensions to referrals.

The distinguishing feature of the data is detailed information on
disciplinary referrals, regardless of whether they lead to a suspension.
Specifically, referral records include the individual who made the refer-
ral, the reason for the referral (i.e., type of incident), and the exact time,
date, and location of the incident (e.g., 3pm, in the hallway, on Mon-
day April 2nd). This precise information allows us to identify the multi-
student incidents that are central to our main identification strategy.
There were 78,127 unique incidents, of which 12.2% (9562) involved
multiple students. 54.3% of those involved students of different races,
which provide identifying variation for the incident-FE identification
strategy. The data also uniquely link referrals to suspension outcomes
(measured in days).

A few caveats of the referral data are warranted, which are largely
analogous to challenges associated with studying citizen-police inter-
actions (e.g., Fryer, 2019).° Namely, there could be systematic racial
biases in who receives a referral; pre-referral behavior is unobserved
by the econometrician, so there is no straightforward way to test for
this. Such biases could affect both whether a student is referred at all
and the severity/category of referrals that do get made. For example,

6 One way in which school discipline is easier to study than police interactions
is that the “risk set” is clearly defined as all students in the school or classroom.

consciously or not, teachers might spend less time monitoring white
students or be more prone to downplaying, re-classifying, or outright
excusing white students’ misbehavior. This complicates comparing re-
ferral rates across racial groups, as the mapping from misbehavior to
referrals could vary by race. It also calls into question the interpretation
of analyses of suspension outcomes that condition on referrals (or refer-
ral type). A rigorous analysis of the determinants of referrals, including
teachers’ biases, is outside the scope of the current study, though we
consider the potential implications of these biases when discussing the
results.

Panel B of Table 1 summarizes disciplinary outcomes at the student-
year level. Column 1 shows that each year about 8% of students received
at least one office referral. Among those who had at least one referral,
the average student was referred about 4.6 times. These frequencies are
higher than for suspensions, indicating that many referrals do not lead to
a suspension: only 2% of students were suspended per year and among
those suspended, the average student was suspended about 1.6 times
for about 3.2 days. We measure the “conversion rate” as the ratio of
suspensions to referrals, which is about 5% on average.

Columns 2-6 report these figures separately by the mutually ex-
clusive race/ethnicity categories contained in the administrative data.
The “Other” category contains multi-racial, American Indian, Arabic,
Samoan, and other non-white students. Comparing across columns, we
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Table 2
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Racial Gaps in Annual Student Discipline Outcomes.

At least one ...

Total Number of ... Conversion Rate

Suspension  Referral Suspensions  Referrals
@ (@) 3 (©)] (5)
Black 0.032%** 0.101*** 0.143*** 2.022%** 0.018***
(0.004) (0.009) (0.024) (0.270) (0.005)
Hispanic -0.001 0.013*** -0.015 0.147 -0.004
(0.001) (0.004) (0.018) (0.165) (0.004)
Other Race 0.002 0.005* 0.053* 0.560** 0.003
(0.001) (0.003) (0.030) (0.222) (0.006)
Asian -0.004*** -0.021***  -0.022 -0.354** -0.001
(0.001) (0.004) (0.018) (0.150) (0.007)
Missing Race 0.002* 0.011*** 0.035* 1.048*** 0.001
(0.001) (0.004) (0.021) (0.279) (0.005)
White Student Mean 0.007 0.046 0.130 2.934 0.038
Controls for:
School-Year FEs v v v 4 v
Time-varying controls v v v v v
Adjusted R-squared 0.070 0.158 0.095 0.143 0.010
Observations 240,652 240,652 19,697 19,697 19,697

Notes: Clustered-robust standard errors at the school level are in parentheses. The omitted
race group is white students. The conversion rate is the ratio of total suspensions to total
referrals. The time-varying controls include gender, special education status, grade-level, stu-
dent’s neighborhood poverty-rate, lagged non-cumulative GPA, and lagged student discipline
outcomes. Columns 3 through 5 include only students with at least one referral. p < 0.10*

p < 0.05** p < 0.01***,

see stark and statistically significant disparities on both the intensive
and extensive margins in both referrals and suspensions. These gaps are
largest when comparing Black students to white and Asian students:
Black students are more than 5 times as likely to be referred and 7 times
more likely to be suspended in a given year than white students, for
example. There is a smaller but still sizable white-Hispanic gap as well.
Referrals are most common in middle schools, in both absolute and rela-
tive terms, though they occur in all grade levels (see Appendix Table A1l
for a breakdown by school type).

The data also provide the reason(s) for each referral. Many referrals
are the result of multiple infractions, so for the purpose of heterogeneity
analyses we follow Lindsay and Hart (2017) in making mutually exclu-
sive categories based on the “most severe” reason listed for the refer-
ral: (a) violence; (b) drugs; (c) interpersonal offenses; (d) disruption or
noncompliance; (e) class skipping or walkout; (f) other. For example, a
referral where the student skipped class and was disruptive would be
coded as disruption. Different types of referrals occur at different rates
across school types, as might be expected. For example, drug-related
offenses are rare overall (about 1% of referrals) but predominantly oc-
cur in high school. Disruption and noncompliance offenses are the most
common reason for referrals, both overall (32% of total referrals) and
in middle schools (15% of middle school referrals). Violence incidents
are the most common source of referrals in elementary school (14%).”

3. Methods

We begin the descriptive analysis by decomposing raw Black-white
and Hispanic-white referral and suspension gaps. To do this, we first cal-
culate the weighted average for a given disciplinary outcome for each
racial group and grade across all schools, and the weights are the num-
ber of students in a school-grade-race cell. We then derive the overall
racial gaps using these averages and decompose them into between- and
within-school gaps® We then further drill down into within-school gaps
by estimating linear regressions at the student-year level that condition
on a host of student characteristics and FEs. The main outcomes for these

7 Appendix Table A2 summarizes the types of referrals by school type.
8 This exercise follows Barrett et al. (2019) and Clotfelter et al. (2005); see
Appendix B for details.

regressions are indicators for ever referred and ever suspended in a given

year. To examine the intensive margin, we consider outcomes including

total referrals, total suspensions, and the likelihood that a referral re-

sults in a suspension. Regressions for these outcomes are estimated on

the restricted sample of students who had at least one referral in a year.’
Specifically, we estimate models of the form

Yist = ﬂRacei + }/Xist + gst + €ist> (1)

where Y}, is a disciplinary outcome for student i in school s in year . We
estimate Eq. (1) with and without covariates (X,,,), where X includes
lagged academic achievement and discipline outcomes, gender, neigh-
borhood poverty rates, and special education status.'® This descriptive
exercise provides novel, suggestive evidence that racial gaps in referrals
and in the processing of referrals contribute to racial gaps in suspensions.

However, statistically significant estimates of f do not necessarily
indicate the presence of racial bias, as these models do not control for
the severity or frequency of the infractions that led to the referral. Fol-
lowing Barrett et al. (2019), we address this omitted variables concern
by switching to student-by-incident level analyses and comparing suspen-
sion outcomes for students of different races who were involved in the
same incident. This is an unambiguous improvement over controlling for
incident type, since no two incidents are identical, and there could be
racial biases in how incident type is coded. The latter remains a concern
in terms of sample construction and external validity, which we discuss
in more detail below. Importantly, these analyses include students who
were not suspended at all, as incidents are defined by referrals and not
suspensions.

9 As discussed in Section 2, these regressions are limited in the sense that
low-level infractions might be ignored for certain students, such that receiving
a referral could mean different things for different students. However, if this
referral bias works in favor of white students, and we see that conditional on
receiving a referral, students of color receive longer suspensions on average,
then this is likely an underestimate of the degree to which students of color are
punished more harshly than their white classmates.

10 Because we only have five years of reliable discipline data, we only include
one lag in this and all subsequent models. Including multiple lags would mean
losing an additional year of data with relatively little to gain from doing so,
since the most recent year’s discipline records are most informative.
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Specifically, we estimate models of the form

Sijr = aDiscipline; ;_y; + PRace; + yX; + 0, + €;;,, 2)

where S is the suspension outcome (in days or an indicator for suspen-
sion) awarded to student i stemming from incident ;. Similar to Eq. (1),
we control for prior year’s test scores and disciplinary incidents. Because
we are using incident-level data, we can further control for student i’s
disciplinary incidents in the current year that occurred prior to incident
j in Eq. (2) to account for the possibility that principals consider the
student’s entire history of referrals before making a decision. Most im-
portantly, we use incident FE (6;) to exploit within-infraction variation
in disciplinary outcomes. These FEs control for unobserved aspects of
the severity and nature of the incident and make school and year FE
redundant, as incidents can only involve students in the same school.!

There are two threats to the validity of OLS estimates of # in Eq. (2).
The first regards internal validity. The concern here is that, on average,
students of different races did not participate “equally” in the incident
in terms of instigation, showing remorse, or degree of misbehavior. For
instance, if white students were more likely to be the instigator of fights,
then comparing the disciplinary outcomes of white and non-white stu-
dents who fought will conflate intentional discrimination with a harsher
penalty for instigation. We cannot directly rule out this possibility, but
we probe this question by applying the same model to different types of
incidents. Intuitively, some incidents, like drugs or class skipping, are
less likely to have an instigator or “heavier” participant, and thus the
FE estimates provide an arguably more valid comparison.

The second threat regards external validity, as identification
comes from a selected sample of multi-student, multi-race incidents
(Miller et al., 2021). The identifying sample of incidents differs system-
atically from the overall sample in several ways: on average they involve
more total students, fewer Black and Hispanic students, more Asian stu-
dents, and students with higher GPAs (see Appendix Table A3). This
means incident-FE estimates may not generalize to the full population.
Moreover, if treatment effects are heterogeneous, the estimates can be
biased. For example, if drug incidents are more likely to involve mul-
tiple students from different racial/ethnic backgrounds, and Black stu-
dents are punished more harshly than white students in these incidents,
our estimates would be biased upwards. Following Miller et al. (2021),
we conduct a weighting exercise based on the predicted likelihood of
being in the identifying sample to verify that our findings are robust to
this concern.

Finally, teachers’ biases in referrals might prevent some multi-race
incidents from being identified as such because the white participant
was not referred. This is most likely to occur when the white student
was relatively less involved in the infraction, which actually aids in a
causal interpretation of resulting racial gaps as intentional discrimina-
tion, because those instances would produce a “valid” racial sentencing
gap due to unequal participation levels.

4. Main results
4.1. Decomposing racial gaps in referrals and suspensions

Figure 1 decomposes racial gaps in referral and suspension rates
into between- and within-school components separately by grade. Panel
A shows a sizable Black-white referral rate gap of 10 to 30 percent-
age points in each grade, which peaks in middle school. Two-thirds
of the gap is due to within-school differences, suggesting that the gap

11 Standard errors for Egs. (1) and (2) are made robust to clustering at the
school level. This accounts for the fact that incidents are nested within schools
and disciplinary decisions are made at the school level. Students are mostly
nested within schools, though some school changes do occur. To account for
this we also computed two-way (school and student) clustered standard errors
following Cameron et al. (2011), which turn out to be nearly identical to simply
clustering by school.
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is not due to racial sorting into schools. Panel B shows similar pat-
terns in Black-white suspension gaps that are consistent with those in
Louisiana (Barrett et al., 2019). Panels C and D report the same fig-
ures for Hispanic-white gaps, which are smaller but otherwise similar
to Black-white gaps. A key difference, however, is that the Hispanic-
white suspension rate gap is much smaller and more closely resembles
the Asian-white gap in panel F. Overall, between-school differences tend
to play a larger role in explaining the Hispanic-white gap.

The Asian-white gaps summarized in panels E and F are negligible
early on and slightly favor Asian students in high school. The only time
between- and within-school gaps diverge is for the Asian-white referral
gap in panel E, where the between- gap favors white students and the
within-school gap favors Asian students, which suggests unique sorting
patterns.

4.2. Racial gaps in referrals, suspensions, and conversions

The decomposition exercises reported in Fig. 1 show that racial dif-
ferences in referral and suspension rates are not merely a product of
sorting into schools, as nontrivial shares of these gaps are driven by
within-school differences. However, even within schools, racial differ-
ences in students’ behavior or backgrounds could explain these gaps.
Table 2 reports estimates of Eq. (1) that control for school-by-year FE
and time-varying student covariates.'?

Each column of Table 2 reports regression-adjusted racial gaps in
a specific disciplinary outcome (relative to white students). Columns 1
and 2 report estimates for the extensive margin of receiving at least one
suspension and at least one referral, respectively. Consistent with prior
research, Black students are more likely to be suspended than white stu-
dents. Specifically, the likelihood of receiving at least one suspension for
a typical Black student is 3.2 percentage points higher than for a white
student in the same school with the same observed academic and disci-
plinary history. Column 2 shows an even larger Black-white gap in the
chances of receiving a referral of about 10.1 percentage points. This sug-
gests that the disparity in referrals contributes to the gap in suspensions.
These point estimates are four and two times larger than baseline (white
student) suspension and referral rates of 0.7% and 4.6%, respectively.
Hispanic-white gaps are smaller in both absolute and relative terms than
the Black-white gap, although both are at least marginally statistically
significant. Sizable and statistically significant Asian-white gaps favor
Asian students.

Columns 3 and 4 of Table 2 report estimates of racial gaps on the
intensive margin of total annual referrals and suspensions. On average,
Black students received 0.14 more suspensions than white students. In
contrast, as shown in Column 4, the typical Black student received 2.02
more office referrals than the typical white student. Analogous Hispanic-
white gaps for these two outcomes are not significantly different from
zero after adjusting for covariates, while a modest Asian-white gap in
favor of Asian students remains.

The Black-white gap in referrals is an order of magnitude larger than
the analogous gap in suspensions, which suggests that there are racial
differences in the rate at which referrals convert to suspensions. Column
5 confirms this by estimating models in which the outcome is the ratio
of each student’s suspensions to referrals. Conditional on student demo-
graphics and prior discipline history, conversion rates are similar for
white, Asian, and Hispanic students. However, the conversion rate for
Black students is significantly greater (1.8 percentage points, or 47%)
than for any other group. Together, the results in Table 2 suggest that
Black-white gaps in suspensions are due to disparities in the frequency
of disciplinary referrals and in the rate at which referrals convert to sus-
pensions.

12 A parsimonious specification with FE but no student-level controls provides
qualitatively similar results that suggest racial disparities are not due to observ-
able differences in students’ backgrounds (see Appendix Table A4). The results
are also robust to controlling for principal FE or principal tenure.
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Fig. 1. Racial Gaps in the Likelihood of Receiving a Referral and Suspension this Year. Notes: This figure shows the decomposition of the raw racial gaps in referrals
and suspensions by grade. Data come from a large urban school district in California from school years 2016-17 to 2019-2020. Technical details of the decomposition

are documented in Appendix B.

4.3. Intentional discrimination

Table 3 reports baseline estimates of Eq. (2), which compare the
disciplinary outcomes of students involved in the same multi-student
infraction. The unit of analysis is the student-incident, so students who
were involved in multiple multi-student events appear in the data mul-
tiple times. Column 1 of Table 3 reports estimates of a simple model
that only controls for infraction fixed effects. Column 2 adds additional
controls, including student characteristics, lagged test scores, lagged
disciplinary incidents, and column 3 adds current-year incidents that
occurred prior to the current incident. Estimated coefficients on the
race/ethnicity indicators are qualitatively similar across model speci-
fications, suggesting that infraction fixed effects do a decent job of con-
trolling for possibly confounding factors. However, the estimates in col-
umn 3 are slightly smaller and more precisely estimated, which suggests
that it is important to control for previous referrals and suspensions
in the current year. Accordingly, Column 3 contains our preferred es-
timates, which if anything are slightly attenuated by the inclusion of
current year referrals.

These estimates show that intentional discrimination is not unique to
one group, but roughly similar across Black, Hispanic, and “other-race”
students: for example, Black students were 2.3 percentage points more
likely to be suspended than white students involved in the same incident.
This effect is statistically significant and large in magnitude, suggesting
that Black students were almost twice as likely to be suspended as their
white co-conspirators. The Hispanic coefficient is smaller and not sta-
tistically significant, though still positive and large in size. Column 4
shows similar patterns in suspension length, suggesting that intentional
discrimination occurs on both the intensive and extensive margins.

Having documented systematic racial bias in the district’s disci-
plinary adjudications, we now test for heterogeneity along several di-

mensions to understand where these biases are most pronounced. The
descriptive analysis in Section 4.1 suggests that racial biases might
vary by grade level. Accordingly, we re-estimate the preferred full-
specification of column 3 separately by school type (i.e., elementary,
middle, and high). These results are presented in columns 5, 6, and 7 of
Table 3, which show that racial biases in adjudications primarily occur
in high school. Here, we find similar levels of intentional discrimina-
tion against Black and Hispanic students and the Hispanic coefficient
becomes statistically significant. Intentional discrimination is larger in
both absolute and relative terms in high school, with Black and Hispanic
students five and four times, respectively, more likely to be suspended
than their white counterparts. Finally, and somewhat surprisingly, we
find marginally significant discrimination against Asian students in ele-
mentary school. This finding merits further consideration, though could
be driven by outliers in the relatively small number of multi-student,
multi-race incidents in elementary school that involve an Asian student.

One possible interpretation of the finding that intentional discrimi-
nation is most prevalent in high schools is that certain types of offenses,
which predominantly occur in high schools, are more susceptible to sub-
jective interpretations that lead to biased punishments (e.g., defiance).
To investigate, in Table 4 we re-estimate the preferred model separately
by referral reason. We see clear heterogeneity by incident type. Vio-
lence is the only type of referral that yields statistically significant dif-
ferences between white and nonwhite students, with magnitudes that
are remarkably similar across all non-white demographic groups. Drug
incidents yield larger, but imprecisely estimated gaps. Estimated dispar-
ities get even smaller and approach zero for less severe incidents such
as defiance and class-skipping. Overall, these results suggest that racial
discrimination seems to be most salient in severe incidents involving
fighting or violence. Of course, keep in mind that the underlying be-
havior is unobserved, and this result could be due to either students of



JID: YJUEC

J. Liu, M.S. Hayes and S. Gershenson

[m5GeSdc;April 11, 2022;22:26]

Journal of Urban Economics xxx (xxxx) xxx

Table 3
Within-Incident Racial Disparities in Disciplinary Outcomes.

Base Base Base Days Elem Middle High
@ (2 [©)] “ 5) (6) @)

Black 0.028*** 0.027*** 0.023*** 0.046* 0.005 0.015 0.054***
(0.010) (0.010) (0.009) (0.024) (0.010) (0.016) (0.018)

Hispanic 0.016 0.016 0.014 0.035 0.004 0.002 0.040**
(0.010) (0.010) (0.009) (0.023) (0.011) (0.016) (0.017)

Other 0.025** 0.024** 0.019** 0.034 0.016 0.014 0.025
(0.011) (0.011) (0.010) (0.025) (0.010) (0.018) (0.021)

Asian 0.011 0.012 0.009 0.015 0.020* -0.005 0.028
(0.011) (0.011) (0.010) (0.027) (0.011) (0.018) (0.018)

White Student Mean 0.026 0.026 0.026 0.038 0.010 0.047 0.016

Controls:

Incident FEs v v v v v v v

Student Characteristics v v v v v v

Prior Student Achievement v v v v v v

Prior Year’s Discipline v v v 4 4 4

Current Year’s Discipline v v v v v

Unique Multi-Race Referrals 12,277 12,277 12,277 12,277 3534 5933 2522

Unique Multi-Race Incidents 5195 5195 5195 5195 1597 2413 1084

Unique All Referrals 20,519 20,519 20,519 20,519 5356 10,338 4400

Unique All Incidents 9012 9012 9012 9012 2475 4431 1954

Notes: Clustered-robust standard errors at the school level are in parentheses. Data come from a large urban
school district in California from school year 2016-17 to 2019-20. The unit of analysis is at the incident level.
The omitted group is white students. The “minoritized” category includes black, Hispanic, and “other” race
students. The “other” race category includes multiracial, American Indian, Arabic, and Samoan students.
The student characteristics includes gender, special education status, grade-level, student’s neighborhood
poverty-rate, lagged non-cumulative GPA, and lagged student discipline outcomes. All model specifications
include a race category called “missing race” for those students missing race data. p < 0.10* p < 0.05**

p < 0.01%**.
Table 4
Within-Incident Racial Disparities in Disciplinary Outcomes by Incident Type.
All Violence Drugs Interper Defiance Walkout
(€8] (2) 3) “@ 5) (6)
Black 0.023*** 0.034** 0.015 0.028 0.004 0.004
(0.009) (0.014) (0.086) (0.024) (0.018) (0.010)
Hispanic 0.014 0.030** 0.065 0.009 -0.004 -0.011
(0.009) (0.014) (0.071) (0.023) (0.018) (0.009)
Other 0.019** 0.030** -0.031 0.014 0.011 -0.012
(0.009) (0.014) (0.114) (0.030) (0.020) (0.012)
Asian 0.009 0.036** -0.046 0.007 -0.010 -0.036*
(0.010) (0.016) (0.092) (0.026) (0.018) (0.021)
White Student Mean 0.026 0.027 0.080 0.021 0.034 0.000
Multi-Race Referrals 12,277 3570 109 2351 4118 1989
Multi-Race Incidents 5195 1972 56 1498 2133 1019
Referrals 20,519 5877 238 3939 6889 3335
Incidents 9012 3250 116 2515 3689 1755

Notes: Clustered-robust standard errors at the school level are in parentheses. Data come
from a large urban school district in California from school year 2016-17 to 2019-20. The
unit of analysis is at the incident level. The omitted group is white students. The “mi-
noritized” category includes black, Hispanic, and “other” race students. The “other” race
category includes multiracial, American Indian, Arabic, and Samoan students students. All
models include incident fixed effects, student characteristics, prior student achievement,
and prior student discipline. The student characteristics includes gender, special education
status, grade-level, student’s neighborhood poverty-rate, lagged non-cumulative GPA, and
lagged student discipline outcomes. All model specifications include a race category called
“missing race” for those students missing race data. p < 0.10* p < 0.05** p < 0.01***.

color being systematically more violent in multi-student incidents or to
there being analogous bias in the content of referrals. The former is ar-
guably unlikely, especially for observably similar students in the same
school with similar behavior histories, though biases in the referral pro-
cess could certainly play a role.

We also test for heterogeneity in intentional discrimination by
gender, special education status, and neighborhood poverty level, as
there are differences between these groups in exclusionary discipline
(Mendez and Knoff, 2003; Steinberg and Lacoe, 2017); however, we
find no evidence of heterogeneity along these dimensions (see Appendix
Table A5).

Following Barrett et al. (2019), we restrict the analytic sample to
students’ first incidents of the year and find qualitatively similar, yet
less precise, estimates (see Appendix Table A6). The main results are
also robust to implementing the weighting procedure suggested by
Miller et al. (2021) (see Appendix Table A7; Appendix C describes this
exercise).

5. Conclusion

This study investigates two potential sources of racial disparities in
exclusionary discipline (suspensions). First, there could be analogous
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disparities in disciplinary referrals. Second, there could be systematic
biases in the adjudication of such referrals. Both explanations likely con-
tribute to racial disparities in exclusionary discipline. Unusually detailed
administrative data from a large and diverse urban school district in Cal-
ifornia show that Black-white disparities in exclusionary discipline are
large, present in all grade levels, largest in middle school, and primar-
ily due to within- rather than between-school differences. We expand
on this descriptive result, which has been documented elsewhere, by
showing that similar patterns exist in disciplinary referrals. Finally, we
expand on Barrett et al. (2019) to test for systematic racial biases in
the adjudication of referrals. The referral data allow us to include stu-
dents who do not get suspended, to fully control for students’ current
and prior-year discipline histories, and to include all incident types in
the analyses.

We find suggestive evidence of systematic racial bias in the district’s
disciplinary adjudications. Specifically, compared to white students in-
volved in the same incident who had similar prior disciplinary histories,
on average, Black students were almost twice as likely to be suspended.
Heterogeneity analyses show that racial biases in adjudications mainly
occur in high school and for violent infractions (e.g., fights).

Our main findings are consistent with Barrett et al. (2019) and
Shi and Zhu (2021), which is itself striking given that our context, a
large urban district in California, is at the forefront of efforts to ad-
dress racial inequities in exclusionary discipline. In 2013, California be-
came the first state in the U.S. to ban suspensions for willful defiance
in grades K-3, a minor type of infraction that is a major contributor
to racial disparities in suspensions (ACLUNorCal, 2014). Shortly there-
after, several large districts in the state banned willful defiance suspen-
sions in all grades (Wang, 2022). Meanwhile, restorative justice and
positive behavior programs expanded in many schools as an alternative
to suspensions (EdSource, 2020). However, despite all of these efforts,
our findings suggest that eliminating racial disparities in exclusionary
discipline in California, and likely elsewhere, requires addressing both
disparities in referrals themselves and biases in the adjudication of those
referrals.

There are several issues the current study does not speak to, most
importantly whether there are similar biases in the referral process. An
implication for schools may be to leverage insights from social psy-
chology regarding empathy interventions, which have been shown to
change teachers’ perceptions, reduce suspensions, and improve students’
achievement (Okonofua et al., 2016; 2022). Future research should
work to understand the types of teachers, school personnel, and schools
that generate these disparities.

Appendix A

Appendix B. Decompositions

Decomposing Racial Gaps
We decompose racial gaps in referrals and suspensions into between-
school and within-school components. We compare Black, Hispanic, and

Table A2
Frequency of Referrals by Reason and School Level .

[m5GeSdc;April 11, 2022;22:26]

Journal of Urban Economics xxx (xxxx) xxx

Table Al
Frequency of Referrals by Race and School Level .
White Black Hispanic Asian Other
Elementary 1328 9948 9290 1414 6886
1.56% 11.72% 10.94% 1.67% 8.11%
Middle 1376 12,781 15,838 2853 3896
1.62% 15.05% 18.65% 3.36% 4.59%
High School 905 6397 8034 1884 2077
1.07% 7.53% 9.46% 2.22% 2.45%
All 3609 29,126 33,162 6151 12,859
4.25% 34.30% 39.06% 7.24% 15.14%

Note: The unit of analysis is at the referral level. The other race category includes
both multi-race students and students missing race data.

Asian students to their white peers by using both the likelihood of re-
ceiving a referral and the likelihood of having a suspension in a school
year as our two outcomes. Following Barrett et al. (2019), we define the
raw average referral or suspension rate D, for a given group of students
in a given grade weighted across students and schools using Eq. (1) be-
low:

A Zi Zs Groupisyis

Dyy=""Fo——"7— @

Z[ Zs Groupix

where i indicates students and s indicates schools. Group;, indicates the
student’s racial or ethnic identity. Y;, takes the value of 1 if the student
receives, for example, an office referral in the focal year, and 0 other-
wise.

For simplicity, we use D;, to represent white students’ referral or
suspension rates and D;, is to indicate the same measure for a non-white
student group, which can be Black, Hispanic, or Asian students. Our goal
is to decompose the raw gap D;, — D,, into between- and within-school
components using Eq. (2) below:

D, — D, =D, — D, +((D;, — D;,) - (D; — Dy)) 2

D, — D, would be the measure on between-school gap and (D;, —
D;;) — (D, — D,) is the within-school gap. To plot Fig. 1, we compute
elements in Eq. (2) for each grade (K-12) and each minoritized-white
combinations for both referral and suspension rates using our analytic
sample (school years 2016-2017 to 2019-2020).

Appendix C. Adapting Miller et al. (2021) Weights

Re-weighted FE Estimator Considering Selection into Identification

Our goal is to identify the “causal effect” of race on students’ sus-
pension outcomes. The selection into identification issue arises when
treatment status only varies in certain incidents, which induces a non-
random selection of incidents into the identifying sample and causes
bias. Specifically, this means that being involved in a multi-student
multi-race incident might be correlated with some fixed characteristics
of an incident. For example, if Black students are more likely to be in-
volved in fight incidents with white students, our incident FE model
would mainly draw on variation from fight incidents. As Black students

Violence  Drugs Interpersonal Offenses

Disruption/ Noncompliance

Class Skipping or Walkout =~ Other Reason  Total

Elem 14,696 29 5781 6747
17.31% 0.03%  6.81% 7.95%
Middle 7693 181 10,289 12,527
9.06% 0.21% 12.12% 14.75%
High 1846 667 5312 7511
2.17% 0.79%  6.26% 8.85%
All 24,235 877 21,382 26,382
28.54% 1.03%  25.18% 31.55%

1342 271 28,866
1.58% 0.32% 34.00%
5590 464 36,744
6.58% 0.55% 43.28%
3740 221 19,297
4.40% 0.26% 22.73%
10,672 956 84,907
12.57% 1.13% 100.00%

Note: The unit of analysis is at the referral level.
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Table A3
Comparing Characteristics of Different Types of Incidents .
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Type of Incidents

@ (2) 3 4 (5)
Variables Single Student Multi-Student, Same-Race Multi-Student, Multi-Race P-value (1)=(3) P-value(2)=(3)
# of Students 1.00 2.27 2.75 0.00 0.00
White 0.05 0.02 0.05 0.34 0.00
Black 0.34 0.39 0.31 0.00 0.00
Hispanic 0.38 0.52 0.32 0.00 0.00
Asian 0.07 0.03 0.10 0.00 0.00
Other race 0.08 0.01 0.11 0.00 0.00
Female 0.25 0.32 0.32 0.00 0.69
Special Education 0.43 0.30 0.32 0.00 0.00
Lagged GPA 2.60 2.46 2.62 0.03 0.00
Missing Lagged GPA data 0.55 0.43 0.51 0.00 0.00
Lagged # of Referrals 7.08 5.80 5.76 0.00 0.75
Lagged # of Suspensions 0.37 0.30 0.26 0.00 0.08
Elementary School 0.34 0.22 0.29 0.00 0.00
Middle School 0.38 0.53 0.48 0.00 0.00
High School 0.21 0.23 0.21 0.02 0.00
Violence 0.31 0.28 0.29 0.00 0.17
Drugs 0.01 0.02 0.01 0.70 0.00
Interpersonal Offenses 0.26 0.20 0.19 0.00 0.46
Disruption/Noncompliance 0.30 0.33 0.34 0.00 0.88
Class Skipping/Walkout 0.11 0.16 0.16 0.00 0.87
Other Reasons 0.01 0.01 0.01 0.41 0.91
# of Observations 68,565 8795 12,273
# of Unique Incidents 68,565 4370 5192

Notes: This table compares characteristics of three types of incidents in our sample. Columns 4 and 5 provide p values for simple
two-sample T tests comparing single-student and multi-student, same-race incidents to our identifying sample which is multi-student

multi-race incidents.

Table A4

Racial Gaps in Annual Student Discipline Outcomes (Simple Model).

At least one ... Total Number of ... Conversion
Suspension Referral Suspensions Referrals Rate
(€] ) ®3) “@ )
Black 0.059*** 0.211*** 0.248*** 3.978*** 0.030%**
(0.007) (0.023) (0.036) (0.580) (0.007)
Hispanic 0.013*** 0.073*** 0.067*** 1.148*** 0.009
(0.002) (0.012) (0.025) (0.257) (0.006)
Other Race 0.005*** 0.023*** 0.084*** 1.585*** 0.005
(0.002) (0.005) (0.032) (0.353) (0.006)
Asian -0.001 -0.014*** 0.014 -0.457** 0.011
(0.001) (0.005) (0.023) (0.186) (0.008)
Missing Race 0.002* 0.019*** 0.025 2.403*** -0.006
(0.001) (0.006) (0.022) (0.401) (0.006)
White Student Mean ~ 0.007 0.046 0.130 2.934 0.038
Adjusted R-squared 0.016 0.048 0.011 0.031 0.004
Observations 240,652 240,652 19,697 19,697 19,697

Notes: Clustered-robust standard errors at the school level are in parentheses. The omitted
race group is white students. The conversion rate is the ratio of total suspensions to
total referrals. None of the regressions above include fixed effects, or control variables.
Columns 3 through 5 include only students with at least one referral. p < 0.10* p < 0.05**

p <001,

are over-represented in fight incidents, our estimate would be upward
biased.

Miller et al. (2021)’s discussion is limited to binary treatment sta-
tus. Since we have multiple student racial groups, for simplicity, these
weighted regressions adopt a binary “treatment” where white and Asian
students are compared to disproportionately suspended Black, Hispanic,

We can use two propensity scores constructed from the vector of inci-
dent characteristics, X, as the conditioning variables to define the like-
lihood of an individual student to be in a switching group (S,) or a target
group (Q,): P, :=Pr[S,=1|X,=x|and Q, := [T, =1|X, =x].

The re-weighted FE estimator for our target population 7 can be spec-
ified as

and “other” students. 5o 1 2 -
Following the terms used by Miller et al. (2021), let D; € {0, 1} indi- Y 1(S, =1) Pt gl & FE

cate whether a student i is involved in a multi-student multi-race inci- £

dent (i.e., our “treatment”) and g(i) be the relevant group (i.e., incident) with ' . our estimate of w'

for i. Our target population T is all students. We denote incidents that
have variation on student race/ethnicity (i.e., (Var (D; | i € g(i)) > 0))
as “switchers” S.

s

&)

o oo e PrlSi=1]
07 PP [T, =1]
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Table A5
Heterogeneity Results.
All High School All High School All High School
@ (2) 3 4 (5) ©)
Minority 0.030 0.044* 0.015 0.042** 0.025** 0.044**
(0.019) (0.026) (0.009) (0.017) (0.011) (0.022)
Asian 0.038* 0.044 0.006 0.024 0.008 0.015
(0.021) (0.030) (0.010) (0.019) (0.012) (0.023)
Male 0.017 0.009
(0.020) (0.034)
Minority Male -0.017 -0.003
(0.020) (0.034)
Asian Male -0.039* -0.025
(0.023) (0.037)
Special Education -0.007 -0.007
(0.019) (0.055)
Minority Spec-Ed 0.011 -0.001
(0.019) (0.055)
Asian Spec-Ed 0.010 0.013
(0.023) (0.054)
Poor 0.011 -0.005
(0.015) (0.030)
Minority Poor -0.017 -0.003
(0.015) (0.030)
Asian Poor -0.005 0.016
(0.016) (0.032)
White Student Mean 0.026 0.016 0.026 0.016 0.026 0.016
Unique Multi-Race Referrals 12,277 2522 12,277 2522 12,277 2522
Unique Multi-Race Incidents 5195 1084 5195 1084 5195 1084
Unique Referrals 20,519 4400 20,519 4400 20,519 4400
Unique Incidents 9012 1954 9012 1954 9012 1954

Notes: Data come from a large urban school district in California from school year 2016-17 to 2019-20. The unit of analysis is at
the incident level. The omitted group is white students. The “minority” category includes black, Hispanic, and “other” race students.
The “other” race category includes multiracial students. All models include incident fixed effects (FEs), student characteristics, prior
student achievement, and prior student discipline. The student characteristics includes gender, special education status, grade-level,
student’s neighborhood poverty-rate, lagged non-cumulative GPA, and lagged student discipline outcomes. The “poor” category
includes students residing in neighborhoods that have poverty rates below the 50th percentile. All model specifications include a
race category called “missing race” for those students missing race data.

Table A6
Within-Incident Racial Disparities in Disciplinary Outcomes.
Base Base Base Days
@™ 2) 3) @
Black 0.029* 0.029* 0.029* 0.055
(0.015) (0.015) (0.015) (0.035)
Hispanic 0.010 0.009 0.009 0.030
(0.013) (0.013) (0.013) (0.029)
Other 0.028** 0.029** 0.029** 0.075**
(0.013) (0.013) (0.013) (0.034)
Asian 0.017 0.018 0.018 0.030
(0.015) (0.015) (0.015) (0.032)
White Student Mean 0.011 0.011 0.011 0.010
Controls:
Incident FEs v v v v
Student Characteristics v v v
Prior Student Achievement v v v
Prior Year’s Discipline v v v
Current Year’s Discipline v v
Unique Multi-Race Referrals 3169 3169 3169 3169
Unique Multi-Race Incidents 2115 2115 2115 2115
Unique All Referrals 5396 5396 5396 5396
Unique All Incidents 3653 3653 3653 3653

Notes: Clustered-robust standard errors at the school and student level are in parentheses. Data come from a large urban school in
California from school year 2016-17 to 2019-20. The unit of analysis is at the incident level. The sample only includes observations
where the student has no prior referrals this school year. The omitted group is white students. The “other” race category includes
multiracial, American Indian, Arabic, and Samoan students. The student characteristics includes gender, special education status,
grade-level, student’s neighborhood poverty-rate, lagged non-cumulative GPA, and lagged student discipline outcomes. All model
specifications include a race category called “missing race” for those students missing race data. p < 0.10* p < 0.05** p < 0.01***.
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Table A7
Weighted Regression Results Accounting for Selection into Identification.

Likelihood of Suspension Suspension Days

@D (2) 3) 4

Unweighted ~ Weighted =~ Unweighted =~ Weighted
Black/Hispanic/Other ~ 0.007* 0.008* 0.014+ 0.017+

(0.004) (0.004) (0.009) (0.009)
R2 0.643 0.524 0.622 0.509
Observations 20,512 6057 20,512 6057

Notes: Different from our main specification, we combine Asian and white
students as the referrence group so we only have one treatment group in or-
der to implement the weighting strategy. Following Miller et al. (2021), we
implement a one-step weighting strategy that uses the product of predicted
likelihood of being in the identifying sample and inverse conditional variance
as regression weights. p < 0.10* p < 0.05** p < 0.01***,

Under a few assumptions (for details, see (Miller et al., 2021)), 5
is unbiased for the average treatment effect of the target population.
Intuitively, we upweight observations that are more similar to the target,
and downweight observations that are overrepresented in the switching
population.
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