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1 Introduction

Exclusionary discipline practices, such as suspensions and expulsions, are commonly used in
U.S. public schools to manage student behavior. However, these practices have been linked to a
variety of negative long-run outcomes, including reduced academic achievement and high school
graduation rates (Lacoe and Steinberg, [2018; Holt et al., 2022; Sorensen et al., 2022), increased
rates of incarceration (Bacher-Hicks et al., 2019), and lower rates of adult employment and lower
earnings (Davison et al., 2021). Moreover, historically marginalized groups, including Black stu-
dents, students with disabilities, and LGBTQ+ students, tend to be exposed to these practices
—and their potential negative consequences —at higher rates than their peers (Rumberger and
Losen, [2016; Welsh and Littlel, 2018). Given the prevalence of exclusionary discipline practices
and their potential role in exacerbating inequality, understanding the determinants of student expo-
sure to exclusionary discipline is of high importance to education policymakers and practitioners.

In this paper, we study how local labor market shocks and unemployment insurance (UI) bene-
fits affect students’ exposure to exclusionary discipline practices. Family and community economic
stability are important factors for children’s social, emotional, and academic development (Hardy
et al.l [2019), but existing research has not considered the relationship between local economic
conditions, stabilizing labor market policies, and school disciplinary outcomes. This lack of prior
literature is surprising given the multiple channels through which destabilizing economic events
—such as mass layoffs —could potentially impact discipline outcomes in schools.

The primary mechanism by which we expect layoff events to influence disciplinary outcomes
is at the family level. If a student’s exposure to exclusionary discipline results from misbehavior
exhibited in the classroom, we may suspect that destabilizing events in a student’s life, such as a
parent or guardian losing a job, trigger or exacerbate this misbehavior. We may also expect that
local labor market shocks increase stress and uncertainty in households where parents maintain
their jobs, generating changes in behavior for children whose families are not directly impacted
by a layoff. Simultaneously, it could also be the case that teachers and/or principals respond to

these stressful community-wide events by reducing their tolerance for classroom misbehavior and



increasing their use of suspensions and expulsions as classroom management tools. !

At the same time, we may expect that parents spend more time in the home and with their
children following a loss of employment (Becker and Tomes), |1986)), which could potentially lead
to improved behavior in school. Thus, more generous Ul benefits that stabilize family income and
increase parental time investments could counteract the effects of labor market shocks on student
behavior. We may also expect that more generous UI benefits would stabilize economic conditions
and stress levels in the broader community, potentially mitigating effects at the community level
as well. As such, our analysis not only examines the direct impact of local labor market shocks on
disciplinary outcomes, but also considers the moderating effect of UI generosity.

We rely on school-level data on disciplinary incidence from the U.S. Department of Education’s
Civil Rights Data Collection, combined with detailed information on firm-level layoffs filed to state
employment agencies under the federal Worker Adjustment and Retraining Notification (WARN)
Act. Together, these data sources allow us to construct a school-level panel dataset on school
discipline and local layoff prevalence for over 5000 schools across 23 U.S. states. Our empirical
approach relies on school fixed effects to leverage plausibly exogenous variation in exposure to
local labor market shocks within a geographic area (e.g., a city or a school district) over time.
We further control for unobservable changes over time at the state level by including state-by-year
fixed effects. We operationalize this approach using a two-stage estimator proposed by Borusyak
et al. (2024) and (Gardner et al.| (2024), which is robust to heterogeneous treatment effects with
staggered timing. Additionally, we interact our measure of local layoffs with state-level UI benefits
to understand the moderating effects of labor market policies on responses to labor market shocks.

We find that, on average, exposure to a mass layoff event has a limited impact on discipline
outcomes. However, this average effect masks important heterogeneity across states with varying
levels of Ul benefits: layoffs lead to an increase in rates of exclusionary discipline when Ul benefits
are low, but this effect fades as Ul benefits become more generous. At the lowest level of Ul

benefits in our sample ($265/week), a mass layoff event in a school’s city increases the number

I'This type of response is possible because teachers and administrators typically have some latitude in employing these measures and can use
exclusionary discipline practices in response to both low-level (e.g., infractions such as talking out of turn, tardiness, use of profanity, or making
excessive noise) and severe (e.g., fighting, bringing a weapon to school, use of illicit substances) instances of misbehavior (Perera and Diliberti}
2023} |Sorensen et al.| 2022).



of students receiving in-school suspensions by 2.6 per 1000 students, out-of-school suspensions
by 3.5 per 1000 students, and expulsions by 0.27 per 1000 students—increases of 2.5%, 5.1%,
and 13% relative to their respective means of 103, 67, and 2.1 per 1000 students. These effects
dissipate when UI benefits reach approximately $500/week, or about the top quartile of benefits in
our sample. These effects are similar if we instead measure layoff events at the school district or
county level, rather than the city level, or if we define our treatment using only layoff events that
are large relative to the local population. We further show that our results are not driven by changes
in student characteristics induced by layoffs, nor differential trends between areas that do and do
not experience layoffs, and are robust to including interactions between layoff exposure and other
social safety net programs.

Our estimated effects are consistently larger for Black students than for White students. For
example, at the lowest Ul benefit level in our sample, layoffs increase the number of students
receiving out-of-school suspensions by 10.5 per 1000 students (7.8% of the mean rate of 133 per
1000 students) for Black students, compared to 2.5 per 100 students (4.5% of the mean rate of
54.6 per 1000 students) for White students. These heterogeneous effects by race are particularly
large in majority-White schools: in schools with a below-median share of non-White students at
baseline, a layoff event occurring when Ul benefits are at their lowest level increases the number
of Black students receiving out-of-school suspensions by 15.8 per 1000 students —an effect that
is about 50% larger than our estimates for Black students in the full sample. We further find
that, in the absence of generous Ul benefits, layoffs increase within-school racial disparities in
disciplinary incidence, particularly in majority-White schools. However, this effect dissipates as
UI becomes more generous, indicating that stabilizing labor market policies can play an important
role in limiting racial disparities in exposure to exclusionary discipline practices.

Our study contributes to several related strands of literature on local labor markets, childhood
outcomes, and school disciplinary practices. First, we build on a growing body of work that con-
siders the relationships between local labor market shocks and educational outcomes. Prior work
has documented that mass layoff events influence student test scores (Ananat et al.,[2017), college

attendance (Foote and Grosz, |2020; Hubbard, 2018)), and field of study choices (Acton, [2021; We-



instein, 2020). A related line of literature documents the direct negative effect of parental job loss
on childhood outcomes, including infant (Lindo, [2011)) and child (Page et al., [2019; [Schaller and
Zerpal 2019; [Ubaldi and Picchiol 2023)) health, as well as test scores (Stevens and Schaller, [2011)).
We contribute new evidence to this literature that local labor market shocks also affect youth’s
exposure to exclusionary discipline practices in schools, which may contribute to the documented
declines in academic achievement, as suspensions and expulsions remove students from standard
instructional settings.

Second, we contribute to the literature on the stabilizing effects of unemployment benefits for
workers and families. Generous unemployment benefits allow households to smooth their con-
sumption (Gruber, |1997), which, in turn, improves their health (Kukal 2020) and reduces suicide
rates (Cylus et al., 2014), opioid and antidepressant prescriptions among women (Ahammer and
Packham, [2020), the probability of divorce (Swensen et al., [2023)), and the likelihood that a child
repeats a grade (Regmi, [2019). We provide evidence that this stabilizing mechanism also limits
students’ exposure to exclusionary discipline practices, as they are no more likely to be suspended
or expelled after a mass layoff event if state Ul benefits are sufficiently generous.

Finally, we provide new evidence on the determinants of school disciplinary practices and, in
particular, racial disparities in suspension and expulsion rates. Prior research shows that Black
students are suspended and expelled from U.S. schools at over twice the rate of White students
(CRDC, 2021)), and are more likely to experience exclusionary discipline practices even when they
are involved in the same incidents as White students (Barrett et al., [ 2019; |Shi and Zhu, 2021}, [Liu
et al.l 2021). We find that these racial gaps in suspensions may be exacerbated by local labor
market shocks, especially in majority-White schools, but can be lessened by generous UI policies.
This finding suggests that labor market policy not only plays an important role in stabilizing house-
hold resources following unemployment events, but also in limiting racial disparities in formative

childhood educational experiences.



2 Conceptual Framework

Ex ante, the impact of a local labor market shock on student disciplinary incidence is ambigu-
ous. There are several mechanisms by which student disciplinary incidence may increase in re-
sponse to layoff events. First, at the family level, we would expect that students in families directly
affected by a mass layoff event may experience adverse effects. For example, reduced parental
labor market opportunities may negatively impact the behavioral outcomes of a child, as parents
will have fewer resources to invest in their child’s human capital development (Becker and Tomes),
1986). In line with this hypothesis, prior literature shows that parental unemployment increases
stress within a familial unit, and can have a negative impact on a child’s mental and physical health
(Page et al., 2019; Lindo et al., 2018; Nikolova and Nikolaev, 2018} |Kalil and Ziol-Guest, [2008).

From a broader, community perspective, we would also expect that community-level shocks
could have a negative effect on the behavior of children whose parents are not directly affected by
a layoff event, either by increasing general community-level stress related to poor economic con-
ditions or by generating negative peer effects within schools (Carrell and Hoekstral, 2010; |Carrell
et al., [2018). Indeed, prior evidence suggests that in the wake of simply announcing community-
level layoff events, racial animus increases (Bestenbostel and Peralta, |2021) and birth outcomes
worsen (Carlson, 2015), suggesting the presence of diffuse, negative impacts of stressful commu-
nity events on individuals. Relatedly, we may expect that teachers and principals may also respond
to poor economic conditions and increased household or community stress by reducing their toler-
ance for misbehavior, which can determine whether this behavior is managed within the classroom
or through exclusionary strategies (Welsh and Little, [2018; McIntosh et al., 2014).

Conversely, parents may spend more time with their children when local labor market oppor-
tunities decline (Jones, |1991}; Kalil and Ziol-Guest, [2008)), potentially offsetting the effects of re-
duced financial investments. This type of offsetting effect, however, is likely heterogeneous across
families and dependent upon both the quality of the time parents are able to spend with their chil-
dren, as well as the characteristics of the parent that experiences an unemployment event. For

example, prior work shows that child health tends to improve in times of strong male employment



growth and decline in times of strong female employment growth (Page et al.,|2019), while child
maltreatment incidence increases with male unemployment, but decreases with female unemploy-
ment (Lindo et al.l 2018)), suggesting that there may be different effects on children depending on
which parent experiences a layoff.?

Finally, the effect of a local labor market shock on children’s behavior —both via direct effects
from parental unemployment and indirect effects from community stress, peer effects, and changes
to teachers’ classroom management practices —is likely to depend on the ability of unemployed
workers to smooth consumption and find new labor market opportunities. Because unemployment
benefit programs can help smooth consumption (Gruber, [1997), stabilize families (Swensen et al.,
2023)), and mitigate negative effects on health (Kuka, 2020), we expect more generous Ul to lessen
the effects of negative employment shocks on student behavior.

We also expect the effects of layoffs and Ul benefits to vary across demographic groups. The
large racial wealth gap in the United States suggests that programs like Ul may be even more
important for Black families who, on average, have less wealth from which to draw during la-
bor shocks (Aliprantis et al., 2022; Derenoncourt et al., 2023). Previous findings also suggest
that Black students are subjected to disciplinary action more often than their White peers (Losen
and Skibal2010; Terriquez et al.|[2013; CRDC, 2021), even when they are involved in the same
incident (Barrett et al., 2019; |Liu et al., [2021), and that teachers are more likely to surveil the be-
havior of Black students (Okonofua and Eberhardt, 2015). These prior findings suggest that even
if the behavioral change of Black and White students in response to a local economic shock is the
same, Black students may be punished more harshly than their White peers. In addition, prior re-
search that finds that racial animus increases after the announcement of a community layoff event
(Bestenbostel and Peralta, 2021)) suggests that Black households may disproportionately experi-
ence increased stress following a local labor market shock, which could have downstream effects
on the behavior of their children in school. Thus, we examine the differential effects of layoffs and
UI on discipline outcomes for Black and White students and consider whether UI generosity can

reduce racial gaps in discipline following layoff events.

2While we are unable to examine heterogeneity by parental gender in our setting, we consider it to be an important theoretical mechanism for
future research to address.



3 Data and Sample Construction

3.1 School Data

We obtain school-level data on suspensions and expulsions —both in the aggregate and for
key demographic subgroups —from the U.S. Civil Rights Data Collection (CRDC), which also
contains information on a school’s enrollment, geographic location, grades offered, and a variety
of other student demographic characteristics. CRDC surveys are mandatory for all U.S. public
schools and school districts and are administered every other year, with data available in academic
years 2011, 2013, 2015, and 2017. We limit our data to schools with a full panel of discipline and
enrollment data in these years and that are located in 23 states with available layoff information
(see Section[3.2]and Appendix Table[A.T)). We focus our analysis on middle and high schools as the
incidence of exclusionary discipline in grades K-35 is relatively low (National Center for Education
Statisticsl, 2022), potentially due to recent policy pushes against exclusionary discipline in grades
PK-5 (Rafa, [2018; US Department of Health and Human Services), 2016).3

We narrow our sample to schools that are most representative of traditional U.S. public schools
in three ways. First, we only include schools classified by the National Center for Education
Statistics (NCES) as “regular” schools, excluding virtual, charter, and alternative schools from our
analysis.* Second, we omit schools governed by regional, state, or federal agencies, as well as
charter, specialized, and “other” districts.? These restrictions narrow our sample to districts where
students both live and attend school in the same geographic area, allowing for a more precise match
between layoffs and schools.® Third, we limit our sample to schools for which we observe disci-
pline outcomes separately for White, Black, male, and female students and that have a complete

panel of non-missing data.’

3We define middle school as grades 6-8 and high school as grades 9-12. We do not include combined elementary and middle/high schools (i.c.,
K-12 or K-8) in our sample.

4929% of schools in the CRDC data are classified as “regular” schools.

50nly 1.5% of regular schools are governed by these agencies.

For example, in a regional (e.g., county), state, or federally operated school, we would expect students to attend from areas outside of the place
where the school itself is located. This means that layoff events that would affect a student’s family and home community would not be attributed
to the school a student is attending and layoff events that do not affect a student’s family and home community, that is, they occur in the same place
as the school’s location, would be (incorrectly) attributed to that student.

7Schools for which we do not observe outcomes separately by subgroup are typically small and/or do not enroll a sufficient number of students
across racial groups to disaggregate their discipline data and maintain confidentiality standards. 66% of “regular” schools in traditional districts,
representing 80% of total enrollment, have non-missing data in all years.



We match all schools in our sample to (1) the city and county in which they are located, and (2)
the city or cities from which their district draws students using the Missouri Census Data Center
(MCDC) geographic correspondence engine.® We define cities using the U.S. Census Bureau’s
place codes, which are designed to capture concentrations of population that are named, locally
recognized, and mutually exclusive (U.S. Census Bureau, 1994).° In our sample, about 60% of
schools are located in places that are recognized and referred to as cities, while 40% are recognized
and referred to as towns, villages, or other Census-designated places (CDPs). However, for clarity
and consistency, we refer to these areas as cities throughout the text.

Our outcomes of interest from the CRDC data are the proportion of students in each school
that receive (1) in-school suspensions, (2) out-of-school suspensions, and (3) expulsions in a given
academic year. In-school suspensions refer to actions that result in a student being removed from
the classroom environment, generally for a day or less, but are still supervised by school person-
nel. Out-of-school suspensions differ in that they not only remove the student from the classroom,
but also temporarily remove them from school supervision, e.g., to home either with or without
educational services being provided. Expulsions are the most punitive action that we examine, and
remove the student from their school for the remainder of the school year and, in some cases, per-
manently. Expulsions may or may not include educational services to be provided to the expelled

student.!©

3.2 Layoff and UI Data

We construct measures of local job loss exposure using records of all mass layoffs and plant
closures reported under the Worker Adjustment and Retraining Notification (WARN) Act of 1988.
The WARN Act requires private employers (both for-profit and non-profit) with 100 or more em-

ployees to provide at least 60 days written notice to employees ahead of a mass layoff or plant

ﬂhttps://mcdc.missouri.edu/applications/geocorr.htmll

For the less than 1% of school districts that are not matched to a place code with the MCDC, we proceed to manually link to place codes. In
addition, we exclude schools in places that are unidentified (i.e., place code of 99999 or missing place names), which accounts for less than 0.1%
of schools.

10The CRDC data reports out-of-school suspensions as single and multiple out-of-school suspensions, which are mutually exclusive. They also
report expulsions with and without services, which are also mutually exclusive. Our final measure of out-of-school suspensions is the sum of single
and multiple out-of-school suspensions and our final measure of expulsions is the sum of expulsions with and without services. In Appendix Table
we consider these outcomes separately.




closing affecting 50 or more full-time employees at a single employment site (U.S. Department
of Labor, [2023).!! The penalty for non-compliance with the act—that is, if an employer fails to
give 60 days notice for a qualifying WARN event—holds employers liable to pay each laid-off
employee wages and benefits for the period of violation, up to 60 days. In addition to the fed-
eral requirements, individual states can and have passed “mini-WARN” acts, which can enforce
reporting requirements for smaller employers and/or smaller layoff events.!2

While WARN notices do not capture the universe of job losses —for example, those from pub-
lic employers, small firms, or small layoff events —they are advantageous for our measurement of
local labor market shocks for several reasons. First, WARN notices allow us to construct measures
of local layoff prevalence in specific, and sometimes small, geographic locations, including cities,
school districts, and counties, which can be difficult to obtain in other publicly available measures
of local employment (e.g., the Quarterly Census of Employment and Wages or the County Busi-
ness Patterns) due to data suppression. Second, WARN notices capture large layoffs that are likely
to be covered by media outlets and may generate stress and uncertainty among community mem-
bers. Prior research has shown that the announcement of layoffs under the WARN Act —above
and beyond job losses themselves —can worsen birth outcomes (Carlson/ (2015]) and increase racial
animus Bestenbostel and Peraltal (2021), which supports the idea that WARN notices can increase
community-level stress. Finally, WARN notices tend to be one of the most timely measures of local
employment changes, as they predict future changes in Ul claims and unemployment rates. Specif-
ically, Krolikowski and Lunsford! (2022) estimate that, at the state level, an increase in WARN lay-
offs of 1,000 jobs in one month increases Ul claims by 270 and the unemployment rate by 0.005pp
in the following two months.

We collect data on all available layoff events from the WARN Database (Arain, [2021), which
has consolidated layoff information for the majority of U.S. states and includes the number of

workers laid off by each employer and the location of the layoff event. At the time of collection,

Specifically, a plant closing is defined as an employment site shutting down and at least 50 full-time workers losing their jobs. A mass layoff
is defined as employment being reduced by 500 or more full-time workers at a given site or by 50-499 full-time workers if they make up at least
one third of the employer’s workforce.

12For example, Wisconsin’s mini-WARN Act applies to employers with 50+ workers and layoffs of either 25 workers or 25% of the workforce,
whichever is greater. The states in our sample that have mini-WARN acts are Illinois, Kansas, Michigan, New Hampshire, New Jersey, Oregon,
Rhode Island, and Wisconsin.



however, several states do not regularly publish data at the county or sub-county levels and others
are still pending public information requests for this data. To construct a more representative
sample, we contacted all remaining states without data available from the WARN Database via
email, requesting their data on layoffs pursuant to the WARN Act from 2010 onward. Additionally,
we rely on the data from Michigan that was used in |Acton| (2021) to complete our sample. Our
final sample consists of 23 states with complete information on both layoff locations and dates.

We use the WARN data to construct measures of local job loss at the city, school district, and
county levels. To do so, we first match the place codes provided by the MCDC to the location
names in each WARN notice filed. We define a city as experiencing a layoff in year ¢ if at least
one WARN notice filed between July 1 of year ¢ and June 30 of year 7 + 1 listed the city by name.
We then match these place codes to schools’ place codes to determine which layoffs occurred in
the same city as a school in our sample. To construct our school district and county measures of
layoffs, we match place codes to school districts and counties again using the MCDC geographic
correspondence engine.'> We define a school district or a county as experiencing a layoff in aca-
demic year ¢ if a city contained within its boundaries experienced a layoff in academic year ¢.

Due to concerns about the use of two-way fixed effects with continuous variables (Callaway
et al., 2021), our empirical specification uses an indicator treatment variable equal to one if the
school was exposed to a layoff —at either the city, school district, or county level —in a given
academic year. However, we also present results using an indicator for experiencing a “large”
(above-median or top-quartile) layoff. To determine exposure to large layoffs, we scale the number
of jobs affected by WARN notices by a city’s, school district’s, or county’s working-age (age 15-
65) population, which we collect from the U.S. Census Bureau’s population tables. Specifically,
we construct the annual, per capita number of jobs affected by WARN notice layoffs in city ¢ and
academic year t as:

Yy, Layoffs,,.,

Layoffs,, = x 10000 (1)

Population,,

where w denotes a WARN notice filing, Layoffs ., is the number of jobs affected by a single

13School districts can either be made up of multiple cities or can contain a fraction of one city. In our sample, the average school district contains
1.04 cities, while the average county contains 2.82 cities.

10



WARN notice, and W,; denotes the total number of WARN notices filed in city ¢ in academic year
t. We analogously construct school district measures by apportioning the proportion of a city’s
population that attends a school district and/or summing the layoffs and populations of adjacent
cities that share a school district, and county measures by summing the affected jobs and popula-
tions of all cities within a county.

Finally, because we are interested in the potential moderating effects of Ul on school disci-
pline following a layoff event, we obtain information on the maximum weekly UI benefits allotted
by state and year, as reported by the U.S. Department of Labor (USDOL) in July of each year.
Maximum UI benefits is a commonly used summary measure of UI generosity in the literature
(Krueger and Mueller, 2010; Swensen et al., [2023)) and is a strong predictor of benefits received
(Hsu et al., 2018)). The states within our sample provide anywhere from $265 and $707 per week
in maximum Ul benefits. As a robustness check, we also collect information on states’ average Ul
recipiency rates —the share of unemployed workers who receive Ul benefits —for each year from
the USDOL as in |(O’Leary et al.| (2022). Figure |1 provides a visual depiction of the variation in
mean Ul generosity across states. Our sample has substantial heterogeneity in the value of benefits
and recipiency rates across different parts of the country. Some regions, i.e., the Southeast, tend
to provide less generous benefits than other regions. Generally, states with higher recipiency rates

also tend to have more generous benefits.

3.3 Summary Statistics

Table[I] provides summary statistics on our analysis sample. In addition to the school-level sam-
ple restrictions we describe in Section[3.1} we further restrict our sample to schools that experience
layoffs in 0-3 of the academic years 2011, 2013, 2015, and 2017, because schools that experience
layoffs in every year of our data neither contribute identifying variation, nor serve as comparison
units, in our analysis. Our resulting final analysis sample consists of 5,847 unique schools in 3,248
cities across 23 states.

Panel A provides information on the demographic characteristics of the schools in our sample.

The average school in our sample enrolls approximately 830 students, 42% of whom qualify for
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free or reduced-price lunch and 34% of whom are non-White. Our sample contains schools located
in a variety of geographic settings, including cities (8.4%), suburbs (36%), towns (21%), and rural
areas (35%). However, due to our restriction to schools with year-to-year variation in layoffs, we
note that very large urban areas are less likely to be included in our sample as they are more likely
to have layoffs reported in each year of our sample period.

Panel B then provides summary statistics on our discipline outcomes of interest.!* Within our
sample, more punitive actions (i.e., expulsions and out-of-school suspensions) are used less often
than less punitive actions (in-school suspensions). On average, 0.21% of students are expelled
each year, with approximately 6.7% experiencing an out-of-school suspension, and nearly 10.3%
experiencing an in-school suspension. Suspensions occur more often for both male and Black
students, although expulsions do not vary substantially across subgroups, likely due to their rarity.
As such, we examine heterogeneity by both race and gender in our analysis.

Finally, Panel C of Table [I] provides summary statistics regarding schools’ exposure to mass
layoffs. In a given year, approximately 11.7% of schools in our sample experience a layoff in
their city, and approximately 20.1% experience a layoff in their school district. Over the four
years of discipline data, 42% of the schools in our sample experience a layoff in their city, and
46.9% experience a layoff in their school district. When a layoff occurs in either a city or a school
district, about 45 workers per 10,000 working-age residents lose their jobs over the course of an
academic year. Figure 2] plots the mean school-level layoff prevalence over our sample, illustrating
how layoff exposure varies across states. We have not only substantial variation in layoff size, but
also across space —while we are unable to examine all 50 states, the 23 states in which we have
layoff data are dispersed across the country and in all nine Census divisions. Appendix Table |A.1
provides a list of these states and the number of schools and layoffs we observe in each state.

To better understand how schools in these 23 states compare to the nation as a whole, Panels A
and B of Table [A.2| presents summary statistics from the CRDC data for both the analysis sample
and all schools in the U.S. meeting our school-level sample restrictions (traditional middle and

high schools, non-missing data, etc.). We cannot restrict the national sample to schools that do not

14We exclude outliers that may be caused by reporting errors, which we define by each type of suspension and expulsion per 100 pupils greater
than 4 standard deviations above the mean, and also exclude schools in the bottom 1% of enrollment.
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experience layoffs every year of our sample period, as we do not observe layoffs for the 27 states
that are not in our sample. Nevertheless, in general, the analysis sample is very similar to U.S.
schools nationally, although the schools in our sample, on average, are less likely to be located in
cities and enroll fewer economically disadvantaged and non-White students. Exclusionary disci-
pline practices are used similarly —and more often with Black and male students —in our sample
and the national sample, though out-of-school suspensions and expulsions are used less frequently
overall in our sample. Panel C of Table further shows that state labor market conditions and
policies are similar in our sample and the national sample: the average maximum weekly UI ben-
efit in our sample is $434, compared to $442 nationally, and the average state unemployment rate
in our sample is 5.92%, compared to 6.05% nationally. Taken together, these summary statistics
suggest that our results are likely to be broadly representative of U.S. middle and high schools as

a whole.

4 Empirical Strategy

4.1 Estimation

We are first interested in estimating the contemporaneous impacts of local layoff events on

student disciplinary outcomes, as specified by the following functional form:

Discipline;, = PLayoff;, + A; + Oy + €5 (2)

where Discipline;,, is the number of students disciplined (i.e., suspended or expelled) per 100
students in school i, located in state s, during academic year ¢, scaled per 100 students enrolled.
Layoff;, is an indicator variable equal to one if a mass layoff event occurred in the same city (or
alternative geographic unit) as school i during academic year.!> J, is a time-invariant school fixed
effect that is used to control for unobserved differences across schools that may affect disciplinary
incidence, such as the school’s location or the grade levels it serves. O, is a school-invariant

state-year fixed effect that accounts for unobserved, state-level time trends in discipline rates, local

15We also provide estimates using different definitions of treatment in Section
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labor market conditions, and state policies across states in our sample, over time. Importantly, this
term absorbs the direct effects of any state-level changes in social safety net programs, including
changes to UI generosity, on school discipline outcomes. Finally, &;; is an idiosyncratic error
term. Our parameter of interest in this equation is 3, which represents the effect of a layoff event
in school year ¢ on contemporaneous discipline outcomes in year ¢.

In addition to the specification in equation (1), we are interested in understanding the potential

moderating effect of UI following a layoff event, which we specity as:

Discipline;, = BLayoff;, + y(Layoff; x Uly) + A; + Oy + Eist 3)

where Ul is maximum weekly Ul benefits, measured in $100s, in state s and year 7 and all other
variables retain their definitions from the baseline model. We omit the non-interacted Ul term in
this specification, as it is absorbed by our state-year fixed effects, 0. Our parameters of interest in
this equation are f3, the effect of a layoff event with no UI benefits, and 7, the change in the effect
of a layoff event due to a $100 increase in maximum weekly UI benefits.

Both equations (1) and (2) represent variations of a difference-in-differences empirical specifi-
cation, where treatment (layoff) timing occurs at different times for different units (schools), may
“reverse” (i.e., may occur in one period and not the next), and may occur multiple times for a given
unit throughout our sample period. It is now well-established that estimating such equations with
standard two-way fixed effects (TWFE) may result in biased estimates if there are heterogeneous
treatment effects across treatment timing and/or time periods (see Baker et al., 2022; De Chaise-
martin and d’Haultfoeuille, [2023; [Roth et al., 2023}, for recent reviews of the literature). To address
this concern, we estimate our parameters of interest —f and Y in equations (1) and (2) —using a
two-stage approach developed independently by Borusyak et al. (2024) and \Gardner et al.| (2024),
the latter of whom shows that this approach can be extended to settings where treatment is re-
versible and/or occurs multiple times. (Gardner et al.| (2024)) further show that this approach is the
most efficient of the myriad of alternative difference-in-differences estimators that have recently
been proposed in the literature.

The two-stage approach proceeds as follows. In the first stage, we estimate our school and
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state-year fixed effects (and time-varying, school-level covariates, when we include them) using

only untreated observations, i.e., observations where Layoff;, = O:

Discipline;; = A; + 0y + &5t )

Then, in the second stage, we estimate either:

Discipline; , — Dis/ciﬁnem = BLayoff;, + Viy (5)
or:
Discipline;;, — Dimneist = BLayoff;, + y(Layoff;, x Uly) + uis (6)

where Discipline;,, — Dis/ciﬁne

ist are the residualized outcomes for all school-year observations in

ist
our sample, generated using the coefficients we estimate in equation (4). As Gardner et al.| (2024])
show, this two-step procedure avoids contaminating the school and state-year fixed effects with
the true values of B and y we aim to estimate, ensuring our estimates are robust to heterogeneous
treatment effects across units and time.

Throughout our analysis, we cluster standard errors at the city level, which is the geographic
unit at which we observe layoff events.!® Given the two-stage estimation we outline above, we do
so using a Bayesian bootstrapping procedure with 500 iterations per specification (Rubin,|1981).!
We additionally present standard two-way fixed effects (TWFE) estimates for comparison, which

are of similar magnitude to, but less precise than, our estimates using our preferred two-stage

procedure.

4.2 Identification Assumptions

The school and state-year fixed effects we include in our estimation approach capture two im-

portant sources of unobserved heterogeneity within our data: differences in school discipline rates

16When we provide alternative specifications that define layoffs at the school district or county levels, we analogously cluster our standard errors
at these levels.

17The Bayesian bootstrap approach smooths bootstrap samples by reweighting, rather than resampling, observations, which ensures we estimate
all school and year fixed effects —and, therefore, residuals for all observations —in all iterations. For recent examples of this approach, see|Angrist:
et al. (2017), [Finkelstein et al.|(2021), and|Gilpin et al.|(2024).
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and layoff exposure (1) across schools and (2) over time, within a given state. Specifically, the
school fixed effects allow us to control for time-invariant differences in school climate and culture
surrounding discipline across schools, as well as location-specific effects, such as local demo-
graphic characteristics and industry composition. Likewise, the state-year fixed effects allow us to
control for unobserved heterogeneity within states across time, which may encompass state-level
shifts in discipline culture over time, specifically in response to growing research and evidence
regarding the negative relationship between discipline and academic outcomes, and general cycli-
cal trends in both layoffs and discipline outcomes. The state-year fixed effects further control for
any direct effects of changes in social safety net programs, including changes in Ul generosity, on
school discipline outcomes.

The identifying assumption for f3 to represent the causal effect of layoffs on student disciplinary
outcomes 1is that, after accounting for the school-year fixed effects, there are no within-school
changes in unobserved determinants of student discipline that are correlated with labor market
shocks. This assumption may be threatened if, for example, families differentially exit public
schools in response to a local mass layoff or if inputs into the education production function (e.g.,
per-pupil spending or student-teacher ratios) change as a result of a local labor market downturn.
We limit the potential for these responses by only considering contemporaneous changes in school
discipline outcomes (those occurring within the same academic year as a layoff event), and by
testing for whether observable characteristics of students and schools change contemporaneously
with layoffs. We further estimate specifications where we control directly for time-varying student
and school characteristics.

As an additional test of our identifying assumption, we extend our main estimating equation,
equation (6) in Section 4.1, to an event study specification that tests for differential changes in
discipline outcomes prior to layoff events, across the Ul benefit distribution. Specifically, we

estimate:

2
Discipline;,, — Dlsc1phne Z Billt —t = k] + Z Ye(1[t —t7 = k] x Uly) 4wy (7)
k=—3 k=-3
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where ¢ is the year where a layoft first occurs in city i. The f coefficients trace out how discipline
outcomes were evolving prior to, and following, a layoff event, net of any moderating effects of UI
generosity. The ;. coefficients then trace out how these outcomes evolve differentially across the
UI benefit distribution. For both sets of coefficients, we omit the period k = —1, the year before
we first observe a layoff. As we discuss in Section 5.1, these specifications provide no evidence of
differential pre-trends between locations that do and do not experience layoffs, nor in states with
high and low UI benefits, strengthening our identifying assumption.

Finally, in all specifications where we include an interaction term between Layoff;, and Uly, we
note that we additionally assume that within-state changes in unemployment insurance benefits are
not correlated with other changes that would differentially affect schools that experience a mass
layoff relative to schools that do not experience a layoff. We believe this assumption is reasonable,
as changes in state Ul benefit levels are generally not correlated with changes in state economic
conditions nor other social safety net programs (see, for example, Kuka, 2020; Swensen et al.,
2023). Nevertheless, we show that our results are robust to interacting our layoff measure with a

variety of other social safety net programs including TANF, EITC, SSI, and SNAP generosity.

5 Results

5.1 Main Results

Table [2| reports regression results for our baseline and Ul-augmented specifications. Columns
(1) and (2) first report results from our baseline specification using city-level layoffs as our key
dependent variable. Column (1) includes our baseline school and year FEs, while column 2 adds
our preferred state-by-year fixed effects to account for changes in state labor markets, policies, and
discipline practices over time. Each panel reports results for one of our three outcomes of interest:
in-school suspensions, out-of-school suspensions, and expulsions. The results in both columns (1)
and (2) reveal that, on average, layoff exposure has little effect on school discipline. Our estimated
effects are consistently small and close to zero and are not statistically significant at conventional

levels.
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In column (3), we report results for the Ul-augmented specification. The coefficient on the
layoff indicator now represents the impact of a layoff event with zero Ul —an out-of-sample pa-
rameter —and the interaction term represents the change in the impact of layoff events due to a
$100 increase in maximum weekly UI benefits. For each type of school discipline outcome we
consider, the implied impact of a layoff without benefits is an increase in discipline rates, while
additional UI benefit generosity decreases the disciplinary response to layoffs. These effects are
statistically significant for both out-of-school suspensions and expulsions —the most severe dis-
cipline outcomes we can observe. At the lowest level of Ul benefits in our sample ($265), layoff
exposure increases the number of students receiving in-school suspensions by 2.6 per 1,000, out-
of-school suspensions by 3.5 per 1,000 students, and expulsions by 0.27 per 1,000 —increases of
2.5%, 5.1%, and 13% relative their means, respectively. As Ul generosity increases, these negative
impacts shrink and eventually reverse. For example, an additional $100 of UI reduces out-of-
school suspensions induced by a mass layoff event by 1.5 per 1000 students, or approximately
2.2% relative to the mean.

As a whole, the results in column (3) of Table [2|indicate that layoff events have heterogeneous
effects on school discipline outcomes across the Ul generosity distribution. To further illustrate
these heterogeneous responses, we estimate the effects of a layoff event separately for each state
in our sample. From these state-specific estimates, we can compare the effect that layoff events
have on suspensions and expulsions in a given state to the state’s 2010-2017 average UI benefit
generosity. Figure [3|presents these results, which again suggest that the greater Ul benefits a state
has, the lesser effect that a layoff event has on suspensions and expulsions.

To further understand these results, Appendix Table segments the analysis by the type of
disciplinary action students experience. The CRDC data reports out-of-school suspensions as sin-
gle (meaning a student was suspended once during the year) and multiple (meaning a student was
suspended multiple times during the year) out-of-school suspensions, which are mutually exclu-
sive. They also report expulsions with and without services, which are also mutually exclusive.
Our primary measure of out-of-school suspensions is the sum of single and multiple out-of-school

suspensions. Columns (2) and (3) explore the single and multiple out-of-school suspension out-
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comes separately, and reveal that increases in suspensions at low levels of UI generosity are driven
by increases in both students receiving one suspension and students receiving multiple suspensions
throughout the year. Columns (5) and (6) then show results for expulsions with and without ser-
vices. For expulsions, the significant effects predominantly occur for expulsions with educational

services provided.

5.2 Heterogeneous Effects

Because rates of exclusionary discipline are much higher for Black and male students —both in
our sample (see Table[I)) and in the U.S. generally (CRDC, 2021) —we consider whether layoffs
and UI generosity have differential effects across race and gender. Table [3| reports our results
from the Ul-augmented specification, stratified by student subgroup. In Panel A, we find that the
increases in in-school suspensions due to layoffs at low levels of UI generosity, as well as the
offsetting effects of more generous Ul, are driven by larger effects for male students, but none
of our estimates across gender nor racial subgroups are statistically significant at conventional
levels. The results, while imprecise, also suggest that layoffs may decrease in-school suspensions
for Black students when UI benefits are low, which may be indicative of substitution away from
less-severe disciplinary practices and towards out-of-school suspensions and expulsions.

Our results for out-of-school suspensions in Panel B are much more precise and we find that
the effects of layoffs and UT are larger for Black students and male students.'® At the lowest UI
benefit level in our sample ($265), layoffs increase the number of students receiving out-of-school
suspensions by 10.5 per 1000 for Black students (7.8% of mean) but only by 2.5 per 1000 for White
students (4.5% of mean). By gender, at the lowest benefit levels, layoffs increase the number of
students receiving out-of-school suspensions by 4.5 per 1000 (4.9% of mean) for male students
and by 3.1 per 1000 (7.4% of mean) for female students. In Panel C, we additionally see that the
effects on expulsions are almost entirely driven by Black students, but are similar in magnitude for

male and female students.

181t is not surprising that the effects are generally more precise for out-of-school suspensions, as there is more variation in out-of-school
suspensions in our data. In 11% of observations, schools report not using any in-school suspensions in a given year, while only 4.7% report not
using any out-of-school suspensions.
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We further explore heterogeneity by race and gender in Table ] where we estimate effects
for out-of-school suspensions across different school contexts for all students (Panel A), Black
students (Panel B), and male students (Panel C). Column (1) repeats our main estimates from
Table[3] Columns (2) and (3) then divide the sample by schools’ baseline out-of-school suspension
rate. For the sample as a whole, as well as for Black and male students specifically, we find that our
effects are entirely driven by schools with above-median discipline rates at baseline. These schools,
which, as documented by prior literature, tend to contain teachers with higher propensities to refer a
student, may thus be more susceptible to stressful contexts, generating more “vulnerable decision
points,” which may increase racial disproportionality in suspension (Liu et al., 2023; [McIntosh
et al., 2014]).

In columns (4) and (5), we split the sample by schools’ baseline FRPL percentage. The es-
timates in these specifications are somewhat imprecise and not statistically different from one
another, but we find some evidence that our effects are higher in high-poverty schools, particularly
for male students. Columns (6) and (7) then estimate effects separately for middle (grades 6-8) and
high (grades 9-12) schools. The point estimates are consistently larger for middle schools, but are
generally not statistically indistinguishable between the two settings.

Columns (8) and (9) estimate effects separately for schools located in rural and non-rural areas,
while columns (10) and (11) divide the sample by their baseline non-White enrollment share. We
find that our overall effects and, especially, our effects for male students are larger in rural areas
than in non-rural areas. We also see that the effects, particularly for Black students, are larger in
schools with low baseline percentages of non-White students.

Taken together, our results in Tables [3] and [] suggest that, in the absence of UI benefits, lay-
offs may increase racial disparities in school discipline rates by affecting Black students more
than White students. This phenomenon may be particularly pronounced in schools with low
shares of non-White students, but could be offset by more generous Ul policies. We more di-
rectly explore how layoffs and UI policies impact racial disparities in out-of-school suspension
rates within schools in Appendix Table [A.4] where we consider effects of layoffs and UI ben-

efits on a school’s Absolute Risk Difference (ARD) in out-of-school suspensions, defined as
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SuspensionRatep,,, . — SuspensionRateyy,;,,.'> Column (1) reports effects for our full sample of
schools. We see that, in the absence of UI benefits, layoffs increase within-school racial dispro-
portionality in suspensions. However, this effect is offset by more generous Ul benefits. In Panels
B and C, we again separate schools by their baseline non-White enrollment share. We see that
layoff-induced increases in within-school racial disproportionality when UI benefits are low are
larger for schools with higher shares of White students.

While prior literature shows that exclusionary discipline practices tend to be used more often
in schools with a higher proportion of non-White students (Chin, |2021; Welsh and Little, |2018)),
layoffs may have a larger effect on Black students in predominantly White schools for at least
two reasons. First, it may be the case that layoffs that affect predominantly White schools are
concentrated among Black families, in turn generating larger effects on discipline rates of Black
students. Second, it may be the case that predominantly White schools (with predominantly White
teaching and administrative staff) perceive a Black student’s behavioral response to a layoff as
more severe than that of a White student due to a cultural mismatch between White teachers and
administrators and Black students (Welsh and Little, [2018)). Similarly, educators are more likely to
have empathy for misbehaved students with a turbulent home life (i.e., experiencing a household
labor shock) if the student is of the same race (Gilliam et al., 2016). The corollary is that schools
with a higher non-White population may have staff with a greater capacity to understand changes

in behavior, even if the baseline suspension rate is higher than that in predominantly White schools.

5.3 Robustness of Results

Our results in sections and rely on the assumption that, after accounting for unobserv-
ables at the year or state-by-year level, within-school variation in layoff exposure is unrelated to
within-school variation in unobservable determinants of discipline outcomes. While this assump-
tion is inherently untestable, we now present several pieces of evidence that suggest it is likely to

hold in our setting and further test alternative specifications of our main results. We concentrate

19See |Rodriguez and Welsh| (2022) for a complete discussion of the different metrics for measuring disproportionality and disparities in disci-
pline. We prefer the ARD measure over alternatives, such as the Relative Risk Ratio (RRR), because it allows for the inclusion of schools in which
no suspensions are given to a group.
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these robustness checks on out-of-school suspensions, which provide the most variation in our data

and which have been studied most in prior literature.

5.3.1 Changes in Student and School Characteristics

First, in Table [5} we test whether layoffs are associated with changes in student and school
characteristics and, if so, whether these effects vary by state UI generosity. Columns (1)-(3)
present specifications analogous to those in Table [2] first adding state-by-year fixed effects and
then augmenting the estimating equation with the layoff-UI interaction term. In Panel A, we find
that layoffs do not change school enrollment in the year that they occur, nor are there differential
effects across the Ul distribution.2 In Panels B and C, we find little evidence that student demo-
graphic characteristics (% FRPL and % non-White) change in response to layoffs, nor are there
heterogeneous effects of Ul generosity. Finally, in Panel D we find some evidence of a decline in
student-teacher ratios when layoffs occur, but there is not a heterogeneous response across low and
high UI states, making it unlikely that this change is driving our results.

The results in Table [5] provide little evidence that layoffs induce changes in student or school
characteristics that may be driving our results. Nevertheless, we also estimate specifications that
control for demographic characteristics directly. In column (2) of Appendix Table[A.5] we estimate
our preferred, Ul-augmented specification for out-of-school suspensions, while controlling for a
school’s log-enrollment, % FRPL, and % non-White students. In columns (3) and (4), we also
include year fixed effects interacted with indicators for commuting zones (CZs) —collections of
counties that reflect where people live and work —to account for within-state changes in local labor
markets and educational practices across different geographic areas. Across our specifications with
demographic controls and/or CZ-by-year FEs, our estimates remain close to our main specification
and statistically significant, indicating that neither demographic changes nor within-state regional

trends are driving our results.

20This finding is consistent with [Foote et al.|(2018), who find that, during and following the Great Recession, non-participation the labor force
—rather than out-migration —accounts for the majority of labor force exits following a mass layoff event. Thus, it is unlikely that families would
systematically move out of local public schools in response to layoffs during our sample period.
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5.3.2 Differential Trends

Figure 4| provides event study estimates of how layoffs affect out-of-school suspensions across

the UI benefit distribution, as outlined in equation (7).2

First, in Panel A, we present the [
coefficients that show how out-of-school suspensions evolve before and after a city’s first layoff,
net of any moderating UI benefit effects. We see no evidence of differential pre-trends between
cities that do and do not experience a layoff, and then see an increase in suspensions in the year
where a layoff occurs —consistent with our main finding that layoffs increase suspensions when
UI benefits are not sufficiently generous. We further see that this initial jump in out-of-school
suspensions fades quickly in the years following a layoff event, supporting our functional form
decision to concentrate on the contemporaneous effects of layoffs on discipline outcomes.

Panel B then shows the interaction effects —the ¥, coefficients in equation (7) —between our
pre- and post-layoff indicators and a state’s Ul benefit generosity. Similar to Panel A, we do not
find evidence of differential pre-trends. We then see a negative effect once a layoff has occurred.
This finding is again consistent with our main result that the positive effect of layoffs on discipline
outcomes is reduced as Ul benefits become more generous. As in Panel A, we also see that this
effect fades out quickly after a layoff occurs. Taken together, these event study results provide
additional evidence that our findings are not driven by differential trends in discipline outcomes
between cities that do and do not experience layoffs, further strengthening the validity of our

identifying assumption.

5.3.3 Other Social Safety Net Programs

Next, we address the concern that Ul benefits may be correlated with other state-level social
programs and, thus, our interaction term is capturing heterogeneous effects not only across the Ul
generosity distribution, but across the distribution of social safety net program generosity more
generally. To test whether our results capture generosity in other social programs, we re-estimate
our main specification, including interaction terms with measures of a state’s maximum Temporary

Assistance for Needy Families (TANF) monthly benefits for a family of four, maximum supple-

21For this event-study analysis, we restrict the sample to cities that are treated once or never treated; we omit cities that experience multiple
layoffs in our sample period.
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mental security income (SSI) for individuals, and maximum Earned Income Tax Credit (EITC)
for a family with two dependents.”> We obtain measures of TANF and EITC from the University
of Kentucky Center for Poverty Research (UKCPR, 2022) and SSI benefits from [Schmidt et al.
(2016). To ease the interpretation of the interaction terms, we standardize each of our benefit
measures to each have a mean of 0 and a standard deviation of 1.

Table [6| presents our results adding interactions between layoffs and these additional social pro-
grams. The main effect of layoffs and the Ul-layoff interaction term remain remarkably stable as
we add these additional interactions. Moreover, in the final specification that includes interactions
for all three additional benefit programs, the magnitudes of both the main effect of layoffs and the
UI interaction term become larger. Thus, we do not have reason to believe that our main results
are contaminated by the generosity of other social programs.

The interaction terms with other benefit programs further reveal that TANF and the EITC may
also impact exclusionary discipline following a layoff. The interaction term with TANF is negative,
suggesting that, similar to UI, more generous TANF benefits also reduce suspensions following a
layoff. However, we note that the TANF results are sensitive to specification. The interaction term
with the EITC is positive and statistically significant, suggesting that more generous EITC benefits
increase suspensions following a layoff. Because EITC benefits are only earned when working,
a layoff could reduce the households’ effective income (wage earnings plus EITC benefits) by a
larger amount in high EITC states, exacerbating the financial strain of a layoff. These additional
results underscore the importance of state-level social support programs in mitigating employment

shocks, which is a fruitful area for future research.

5.3.4 Alternative Treatment Definitions

Next, in Table [/, we test the sensitivity of our main out-of-school suspension results to alter-
native treatment geographies and measures of layoff exposure. In Panel A, we continue to use a
dummy variable for any layoff during an academic year, but consider layoffs at the school district

and county levels, as opposed to the city level. We find very similar results when measuring lay-

22These measures all vary across states and years. Our state EITC and SSI measures are a combination of the maximum federal EITC benefits
and state-level benefits.
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offs at the school district level and qualitatively similar, though attenuated and less precise, results
when using a broader, county-level measure. This finding suggests that very local layoffs matter
most in affecting school discipline. In Panel B, we then define layoff treatment as experiencing
above-median per capita job losses due to WARN-reported layoffs in a given year, relative to all
observations with non-zero layoffs.?> With this measure, we find very similar effects at the city
level and larger estimates at the school district and county levels, suggesting that our effects may
be larger when layoff events affect more members of a community. Lastly, panel C uses a dummy
variable for experiencing per capita job losses due to WARN-reported layoffs in the top quartile
of the non-zero layoff distribution. The results remain qualitatively similar but less precise for
out-of-school suspensions: experiencing a top quartile layoff increases out-of-school suspensions,

but the impact is mitigated by more generous UI.

5.3.5 Additional Specifications

Finally, in the Appendix, we present three additional specifications to probe the robustness of
our main results. Appendix Tables and re-estimate our primary specification, equation 3]
for the overall sample and by subgroup using a traditional two-way fixed effects approach, rather
than our preferred two-stage approach from Gardner et al.|(2024). These estimates are of the same
sign and generally similar magnitude to the main results, but they are less precise. Table [A.§]
then uses an alternative measure of Ul generosity: the product of maximum weekly benefits and
the states’ Ul recipiency rate. This alternative measure captures variation both in benefit levels
and the share of unemployed workers who receive Ul benefits. Results using this alternative Ul
measure mirror the core findings: at low benefit levels mass-layoffs increase discipline, with effects

dissipating as Ul benefits increase.

23In this specification and the one that follows, we drop all observations with below-median layoffs in order to compare those with above-median
layoffs to those that do not experience layoffs.
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6 Conclusion

We provide the first analysis in the literature of the relationship between local layoff events,
unemployment insurance generosity, and student disciplinary outcomes. By matching school-level
disciplinary incidence data with firm-level local layoff events, we show that local labor market
shocks increase out-of-school suspension rates when Ul benefits are low, but Ul benefits can mod-
erate this effect if they are sufficiently generous. Specifically, our results show that at the lowest
level of weekly UI benefits ($265), exposure to a local mass layoff increases the number of stu-
dents receiving out-of-school suspensions in local middle and high schools by 5.1% from its mean.
However, when UI generosity increases to approximately $500 per week, the effects of a layoff
event on disciplinary incidence are reduced to zero.

We further find heterogeneous effects of layoffs by student gender, race, and school environ-
ment. Male students and Black students drive the documented increases in disciplinary incidence.
At the lowest Ul benefit level in our sample, layoffs increase out-of-school suspensions for Black
students by four times as much as they do for White students, with even larger effects in predom-
inantly White schools. Consequently, at low Ul benefit levels, within-school racial disproportion-
ality in out-of-school suspensions increases following local layoff events. However, as with the
findings for the sample as a whole, these effects are reduced when UI benefits are sufficiently gen-
erous. Given prior research documenting the large long-run costs of suspensions —particularly
for Black and male students —our findings suggest that the generosity of UI benefits following
layoff events may play an important role in promoting academic achievement (Holt et al., [2022),
reducing contact with the juvenile justice system |Bacher-Hicks et al.|(2019), and keeping students
connected to their school communities (Kennedy-Lewis and Murphy, [2016).

More broadly, our results provide evidence that exclusionary discipline practices may change as
a result of school and community context. Future research may wish to consider the mechanisms
by which UI benefits reduce the impacts of layoff events on student disciplinary incidence. While
we suspect that the primary mechanism is through counteracting the negative income shock due to

unemployment and in turn allowing parents to spend more time with their children, these effects
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may be more or less pronounced for paternal or maternal unemployment. These effects may also
be due to changes in teacher responses to student behavior in the context of community stress.
Examination of these sorts of heterogeneous effects and mechanisms is essential to furthering our
understanding of the complementary relationship between education and social policy, as well as

policies that can reduce racial and gender disparities in student disciplinary outcomes.
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Figure 1: Unemployment Insurance Generosity

(a) Maximum Unemployment Insurance Benefits (100s of dollars)
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No data

(b) Unemployment Insurance Recipiency Rate

M 0.376 -0.416
M 0.293 -0.376
[ 0.254 -0.293
[]0.223 - 0.254
[10.194-0.223
[J0.152-0.194
No data

Notes: This figure depicts the average Ul benefit generosity and recipiency rate for all states in our sample across all sample years (2011, 2013,
2015, 2017)
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Figure 2: Average Layoff Size in Sample Years

(a) Average layoff size per 10,000 workers

M 232.9-286.8
M 155.1 - 232.9
E112.9-155.1
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[J65.1-92.6
[ ]49.0-65.1
I No data

(b) Average layoff size per 10,000 workers (if layoff>0)

M 29.02 - 36.88
M 24.02 - 29.02
[ 13.96 - 24.02
[J9.10-13.96
[17.05-9.10
[J5.21-7.05
[ No data

Notes: This figure depicts the average layoff size in our sample years for all states in our sample. Panel A shows the average for all observations
and Panel B restricts to those places in which layoffs are greater than 0.

33



0S.

e

-ordues oy ur sAJels ¢ oY) SSOIOR SJYauaq [() 9Jels ULdW pue s30a)Je JJoke| oyrads-ajers usamiaq drysuonerar oyy sjofd oSy Sy, :Sa10N

sljsusg IN
059 0SS 0S¥ 0s€ 05z
e
1ne
MOoe
Hoe
ONe
Ime
wmo dle
rNe e e We
Ve
VASopne
e
dde
dnNe
ase
Nle®
suols|ndx3

S0

S0’

1

10843 psjewlisg

0s.

He

sjydusg IN
059 0SS 0S¥ 0s€ 0S¢

ONe
HO® ine Nie

e S

ONSe
!/MW_ Y wve

'Ne

MdOoe

dde

1Ne

suoisuadsng [0049S-}0-1NO

10943 pajewiis3

sijsusg IN

0S. 059 0SS 0S¥ 0S¢ 0S¢

e
MOe
HNe
e . 1resie VAe
[ )
rNe Hoe % Ive
Xle dase
aneNie
e one
3de
1Ne

suoisuadsng [00U0S-U|

sigouag I AeIS 29 S100)yH JjoAeT usamieg diysuone[ay :¢ 2L

}09443 psjewnsg

34



Figure 4: Event Studies for Out-of-School Suspensions

(a) Effect of Layoff Without Interaction

e ——

-1

Main Effect on Out-of-School Suspensions
o
u
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Periods Relative to Layoff (2-years)

(b) Interacted Effect of Layoft x UI Generosity

Interaction Effect on Out-of-School Suspensions
o
-
-
—

-3 -2 -1 0 1 2
Periods Relative to Layoff (2-years)

Notes: This figure plots the coefficients and corresponding 95% confidence intervals for an event study that includes state-year and school fixed
effects. Panel A presents coefficients for the main effect of a layoff, while Panel B shows the coefficients for an interaction between the maximum
weekly Ul benefits (in $100s) and a layoff. The sample is restricted to cities that are treated once or never treated (multi-treated locations are
omitted). Estimates use |Gardner et al.|(2024))’s two-stage estimator. Standard errors are calculated via Bayesian boostrapping with 500 iterations.
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Table 1: Summary Statistics

Mean Std. Dev. Min. Max.
(0] 2) 3 “4)

Panel A. School Characteristics

Enrollment 828.2 586.4 16.00 4885
% FRPL 0.419 0.211 0.000 1.000
% Non-White 0.338 0.249 0.002 1.000
City 0.084 0.278 0.000 1.000
Suburb 0.359 0.480 0.000 1.000
Town 0.208 0.406 0.000 1.000
Rural 0.349 0.477 0.000 1.000

Panel B. Discipline Outcomes

In-school suspensions per 100 (all) 10.31 9.758 0.000  63.89
In-school suspensions per 100 (Black) 18.54 20.29 0.000  100.0
In-school suspensions per 100 (male) 13.63 12.29 0.000  68.57

Out-of-school suspensions per 100 (all) 6.742 5.696 0.000  43.81
Out-of-school suspensions per 100 (Black) 13.41 14.43 0.000 100.000
Out-of-school suspensions per 100 (male)  9.115 7.295 0.000  52.29

Expulsions per 100 (all) 0.212 0.537 0.000 7.110
Expulsions per 100 (Black) 0.290 1.301 0.000  21.62
Expulsions per 100 (male) 0.308 0.771 0.000  9.091
Panel C. Labor Market Characteristics

Ever experience layoff (city) 0.510 0.500 0.000 1.000
Ever experience layoff (S.D.) 0.553 0.497 0.000  1.000
Experience layoff (city) 0.138 0.345 0.000  1.000
Experience layoff (S.D.) 0.231 0.421 0.000 1.000
Layoffs per 10,000 if layoffs > 0 (city) 147.5 399.5 0.311 8571
Layoffs per 10,000 if layoffs > 0 (S.D.) 49.26 119.1 0.000 2481
Maximum UI weekly benefits 440.0 99.81 265.0  707.0
Unique Schools 5,847

School-Year Obs. 23,388

Notes: Summary statistics are displayed for the full analysis sample of school-year observations. In-school
suspensions refer to the CRDC in-school suspension variable, out-of-school suspensions aggregate single and
multiple out-of-school suspensions reported by the CRDC, and expulsions aggregate those with and without
services.
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Table 2: Effects of Layoffs & UI on Discipline Outcomes

1) 2 3
Panel A. In-School Suspensions
Exposed to layoff -0.104  0.046 0.549
(0.092) (0.090)  (0.389)
Exposed to layoff X Ul -0.111
(0.083)

Dependent Var. Mean 10.31 10.31 10.31
Observations 23,388 23,388 23,388

Panel B. Out-of-School Suspensions

Exposed to layoff 0.074 0.066  0.738%**
(0.053) (0.056)  (0.234)

Exposed to layoff X UI -0.148%%%*
(0.050)

Dependent Var. Mean 6.742 6.742 6.742
Observations 23,388 23,388 23,388

Panel C. Expulsions

Exposed to layoff -0.001 0.004 0.056%%*
(0.009) (0.008) (0.026)
Exposed to layoff X Ul -0.011%%*
(0.005)
Dependent Var. Mean 0.212 0.212 0.212
Observations 23,388 23,388 23,388
School FEs X X X
Year FEs X
State-Year FEs X X

Notes: Estimates use|Gardner et al.[(2024))’s two-stage estimator. Standard
errors are calculated via Bayesian bootstrapping with 500 iterations for each
specification. Each outcome is scaled to incidence per 100 students. UI is
measured in 100s of dollars. *p < 0.10, **p < 0.05, ***p < 0.01.
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Table 3: Effects of Layoffs & UI on Discipline Outcomes, by Subgroup

All Black White Male Female
1) (2) 3 C)) 5
Panel A. In-School Suspensions
Exposed to layoff 0.549 -0.518 0.413 0.825 0.456
(0.389) (0.877) (0.357) (0.514) (0.311)
Exposed to layoff X UL -0.111 0.092 -0.057 -0.169 -0.093
(0.083) (0.187) (0.079) (0.111) (0.068)
Dependent Var. Mean 10.32 18.54 8.582 13.63 6.772
Observations 23,388 23,388 23,388 23,388 23,388
Panel B. Out-of-School Suspensions
Exposed to layoff 0.738***  2.403%*%*  (0.505%*  1.035%*%*  (.597#%*
(0.234) (0.637) (0.236) (0.344) (0.188)
Exposed to layoff X Ul -0.148***  -0.512*%**  -0.096* -0.222%** -(0.108***
(0.050) (0.135) (0.053) (0.075) (0.039)
Dependent Var. Mean 6.742 13.41 5.464 9.115 4.227
Observations 23,388 23,388 23,388 23,388 23,388
Panel C. Expulsions
Exposed to layoff 0.056%*  (0.193%** 0.006 0.050 0.062%#%**
(0.026) (0.066) (0.021) (0.037) (0.019)
Exposed to layoft X UL -0.011**  -0.035***  -0.003 -0.011 -0.012%**
(0.005) (0.013) (0.004) (0.008) (0.004)
Dependent Var. Mean 0.212 0.290 0.175 0.308 0.109
Observations 23,388 23,388 23,388 23,388 23,388

Notes: Estimates use |Gardner et al.| (2024)’s two-stage estimator. Standard errors are calculated via Bayesian
bootstrapping with 500 iterations for each specification. State-by-year and school-fixed effects are included in all
specifications. Each outcome is scaled to incidence per 100 students. Ul is measured in 100s of dollars. *p < 0.10,

*p <0.05,**p <0.01.
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Table 5: Effects of Layoffs & UI on Student & School Characteristics

1) (2) 3
Panel A. Log(Enrollment)
Exposed to layoff 0.001 -0.001 -0.003
(0.002) (0.002)  (0.007)
Exposed to layoff X UI (100s) 0.001
(0.001)
Observations 23,388 23,388 23,388
Panel B. % FRPL
Exposed to layoff -0.004***  -0.001 0.001
(0.001) (0.001)  (0.005)
Exposed to layoff X UI (100s) -0.000
(0.001)
Observations 23,388 23,388 23,388
Panel C. % Non-White
Exposed to layoff 0.001 0.000 0.003
(0.001) (0.001)  (0.002)
Exposed to layoff X UI (100s) -0.001
(0.000)
Observations 23,388 23,388 23,388

Panel D. Student-Teacher Ratio

Exposed to layoff -0.105%**  -0.049**  -0.125
(0.021) (0.021)  (0.093)
Exposed to layoff X UI (100s) 0.017
(0.021)
Observations 22,858 22,858 22,858
Year FEs X X X
State-Year FEs X X

Notes: Estimates use |Gardner et al.|(2024)’s two-stage estimator. Standard errors are
calculated via Bayesian bootstrapping with 500 iterations for each specification. Ul is
measured in 100s of dollars. *p < 0.10, **p < 0.05, **p < 0.01.
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Table 6: Robustness to Interacting Layoffs with Other Social Safety Net Programs: Out-of-School Suspensions

@ (2) 3) C)) 5) (6)
Exposed to layoff 0.738***  0.666***  0.956%**  (.758***  (.762%**  (.902%**
(0.234) (0.243) (0.275) (0.246) (0.259) (0.277)
Exposed to layoff X UL -0.148%*%*  -0.133%*%  -0.198***  -(0.152%**  -(Q.154%** -(Q.187***
(0.050) (0.053) (0.060) (0.053) (0.056) (0.060)
Exposed to layoff X TANF (std.) -0.076 -0.187%%%*
(0.058) (0.070)
Exposed to layoff X EITC (std.) 0.117* 0.180**
(0.063) (0.070)
Exposed to layoff X SSI (std.) 0.070 0.063
(0.052) (0.058)
Exposed to layoff X SNAP (std.) -0.061 0.035
(0.062) (0.058)
Observations 23,388 23,388 23,388 23,388 23,388 23,388

Notes: Estimates use|Gardner et al.|(2024)’s two-stage estimator. Standard errors are calculated via Bayesian bootstrapping with 500 iterations
for each specification. State-by-year and school fixed effects are included in all estimations. Ul is measured in 100s of dollars and TANF, EITC,
SSI, and SNAP benefits are standardized to have a mean of 0 and standard deviation of 1. The outcome variable is out-of-school suspensions,

which is measured as incidences per 100 students. *p < 0.10, **p < 0.05, **p < 0.01.
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Table 7: Robustness to Alternative Geographic Areas & Layoff Definitions: Out-of-School Suspensions

City School Dist.  County

Level Level Level
@ 2 3
Panel A. Dummy Variable for Any Layoff
Exposed to layoff 0.738%** 0.838%** 1.404%**
(0.234) (0.271) (0.467)
Exposed to layoff X Ul  -0.148%*%*%* -0.146%* -0.291%**
(0.050) (0.060) (0.116)
Observations 23,388 20,536 12,687

Panel B. Dummy Variable for Above-Median Layoff

Exposed to layoff 0.718%* 1.217%%* 1.506%*
(0.306) (0.340) (0.598)

Exposed to layoff X Ul -0.147%%* -0.226%**  -0.293%*
(0.064) (0.073) (0.148)

Observations 22,365 19,618 11,654

Panel C. Dummy Variable for Top Quartile Layoff

Exposed to layoff 0.494 1.213%%#* 1.702%*
0.417) (0.378) (0.847)

Exposed to layoft X Ul -0.080 -0.237%** -0.292
(0.085) (0.079) (0.207)

Observations 21,642 18,915 11,008

Notes: Estimates use |Gardner et al.| (2024)’s two-stage estimator. Standard errors
are calculated via Bayesian bootstrapping with 500 iterations for each specification.
State-by-year and school fixed effects are included in all estimations. UI is mea-
sured in 100s of dollars. The outcome variable is out-of-school suspensions, which
is measured as incidences per 100 students. *p < 0.10, **p < 0.05, ***p < 0.01.
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Online Appendix: Not for Publication

Table A.1: States in Sample

Number of Total Workers
Layoff Events Laid Off

School-Years Total Number
Affected by Layoffs of Schools

State: €)) 2) 3) @)
Alabama 33 6741 84 234
Alaska 2 302 6 30
Delaware 4 642 16 39
Idaho 21 2120 65 69
Illinois 145 27,450 368 525
Indiana 62 7,871 134 215
Kansas 20 7,978 76 177
Kentucky 34 7,927 90 242
Maryland 35 3,857 113 210
Michigan 64 9,932 158 391
Missouri 46 8,986 163 333
New Hampshire 14 1,438 31 65
New Jersey 146 22,605 295 455
North Carolina 101 21,752 339 517
Oklahoma 23 4,825 76 205
Oregon 27 3,397 89 142
Rhode Island 7 982 27 50
South Dakota 5 390 16 50
Texas 135 22,297 637 1,144
Utah 15 3,296 66 138
Vermont 4 319 9 28
Virginia 57 8,844 187 298
Wisconsin 83 7,643 176 290
Total 1,083 181,594 3,221 5,847

Notes: This table presents the number of layoffs that occurred, the total number of workers that were laid off, the school-
years affected by layoffs, and the number of schools (regardless of treatment status) in each state in our sample in years

2011, 2013, 2015, and 2017.
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Table A.3: Effects of Layoffs & UI on Detailed Discipline Outcomes

Out-of-School Suspensions Expulsions

All One Mult All With  Without

e} (2) 3) ) %) (6)
Exposed to layoff 0.738***  0.344**  0.394**%*  0.056**  0.037* 0.019%*

(0234)  (0.165)  (0.145)  (0.026) (0.022) (0.011)
Exposed to layoff X UI  -0.148%*% -0.075%* -0.073** -0.011** -0.008%*  -0.003

(0.050)  (0.035)  (0.031)  (0.005) (0.004)  (0.002)

Observations 23,388 23,388 23,388 23,388 23,388 23,388

Notes: Estimates use|Gardner et al.| (2024)’s two-stage estimator. Standard errors are calculated via Bayesian bootstrapping
with 500 iterations for each specification. State-by-year and school fixed effects are included in all estimations. UI is
measured in 100s of dollars. Outcome variables are measured as incidences per 100 students. Columns (1) and (4) reproduce
our main results for out-of-school suspensions and expulsions, respectively. *p < 0.10, **p < 0.05, **p < 0.01.
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Table A.4: Effects of Layoffs & UI on Racial Disproportionality in Out-of-School Suspensions

All Low High
Non-White Non-White
@ (2) 3
Exposed to layoff 1.898%# 3.508*** 1.195%
(0.661) (1.129) (0.702)
Exposed to layoff X Ul -0.416%**  -0.831%%* -0.211
(0.138) 0.247) (0.146)
Observations 23,388 11,692 11,676

Notes: Estimates use |Gardner et al.|(2024)’s two-stage estimator. Standard errors are
calculated via Bayesian bootstrapping with 500 iterations for each specification. State-
by-year and school fixed effects are included in all estimations. UI is measured in
100s of dollars. Racial disproportionality is measured as within-school Black-white
differences in out-of-school suspension rates using the adjusted risk difference (ARD).
”High” and "Low” are determined based on a school being above or below the median
proportion of non-white students. *p < 0.10, **p < 0.05, ***p < 0.01.
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Table A.5: Robustness to Inclusion of Additional Control Variables

a 2) 3 4

Exposed to layoff 0.738*#% (), 722%** 1.049%%* 1.026%**

(0.234) (0.250) (0.308) (0.289)
Exposed to layoff X Ul -0.148%***  -0.145%**  -0.201*** -0.196%%*

(0.050) (0.055) (0.064) (0.061)
Observations 23,388 23,388 23,123 23,123
State-Year FEs X X
CZ-Year FEs X X
Dem. Controls X X

Notes: Estimates use|Gardner et al.|(2024)’s two-stage estimator. Standard errors are calculated via
Bayesian bootstrapping with 500 iterations for each specification. School fixed effects are included
in all estimations. Demographic controls include the proportion of free and reduced-price lunch
students, the proportion of non-white students, and the logarithm of enrollment. UI is measured in
100s of dollars. The outcome variable is out-of-school suspensions, which is measured as incidences
per 100 students. Minor sample size changes across columns are due to dropping observations with
missing demographic controls or commuting zones with only a single school. *p < 0.10, **p < 0.05,

% < 0.01.
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Table A.6: Effects of Layoffs & UI on Discipline Out-
comes, TWFE Approach

1 2 3)

Panel A. In-School Suspensions

Exposed to layoff -0.110  0.0504  0.403
(0.175) (0.172) (0.743)

Exposed to layoff X Ul -0.078
(0.161)

Observations 23,388 23,388 23,388

Panel B. Out-of-School Suspensions

Exposed to layoff 0.083 0.074 0.502
(0.104)  (0.107) (0.463)

Exposed to layoff X Ul -0.095
(0.099)

Observations 23,388 23,388 23,388

Panel C. Expulsions

Exposed to layoff 0.000 0.007 0.069
(0.017) (0.016) (0.051)

Exposed to layoff X Ul -0.014

(0.010)

Observations 23,388 23,388 23,388

School FEs X X X

Year FEs X

State-Year FEs X X

Notes: Standard errors are clustered at the city level. UI is measured in
100s of dollars. Outcome variables are measured as incidences per 100
students. *p < 0.10, **p < 0.05, ***p < 0.01.
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Table A.7: Effects of Layoffs & UI on Discipline Outcomes, by Subgroup,
TWEFE Approach

All Black White Male Female
@ 2 3 €)] )]

Panel A. In-School Suspensions

Exposed to layoff 0.403 -0.695  0.348 0.586 0.345
(0.743)  (1.740) (0.670) (0.951) (0.592)

Exposed to layoff X UI  -0.078 0.117 -0.046  -0.119  -0.066
(0.161) (0.369) (0.145) (0.205) (0.129)

Dependent Var. Mean 10.31 18.54 8.582 13.63 6.772
Observations 23,388 23,388 23,388 23,388 23,388

Panel B. Out-of-School Suspensions

Exposed to layoff 0.502 2.136 0.273 0.692 0.420
(0.463) (1.328) (0.458) (0.617) (0.353)

Exposed to layoft X UL  -0.095 -0.459* -0.042 -0.146  -0.068
(0.099) (0.276) (0.101) (0.133) (0.073)

Dependent Var. Mean 6.742 13.41 5.464 9.115 4.227
Observations 23,388 23,388 23,388 23,388 23,388

Panel C. Expulsions

Exposed to layoff 0.069 0.217 0.010 0.067  0.070%*
(0.051) (0.140) (0.042) (0.074) (0.038)

Exposed to layoff X UI  -0.014  -0.042 -0.004 -0.014 -0.013*
(0.010) (0.027) (0.008) (0.015) (0.008)

Dependent Var. Mean 0.212 0.290 0.175 0.308 0.109
Observations 23,388 23,388 23,388 23,388 23,388

Notes: Standard errors are clustered at the city-level. State-by-year and school-fixed effects are in-
cluded in all specifications. Ul is measured in 100s of dollars. Each outcome is scaled to incidence
per 100 students. *p < 0.10, **p < 0.05, “**p < 0.01.
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Table A.8: Effects of Layoffs & Ul on Discipline Outcomes,
Alternative UI Measure

Max UI X
Max UL Recipiency Rate
@ (2)
Panel A. In-School Suspensions
Exposed to layoff 0.549 0.554%**
(0.389) (0.214)
Exposed to layoff X UI -0.111 -0.410%%*
(0.083) (0.152)
Observations 23,388 23,388
Panel B. Out-of-School Suspensions
Exposed to layoff 0.738%*%* 0.272%%*
(0.234) (0.122)
Exposed to layoff X Ul -0.148%*%*%* -0.166%**
(0.050) (0.083)
Observations 23,388 23,388
Panel C. Expulsions
Exposed to layoff 0.056%* 0.027%*
(0.026) (0.015)
Exposed to layoft X UL~ -0.011%* -0.019%*
(0.005) (0.008)
Observations 23,388 23,388

Notes: Estimates use |Gardner et al.| (2024)’s two-stage estimator. Stan-
dard errors are calculated via Bayesian bootstrapping with 500 iterations for
each specification. State-by-year and school-fixed effects are included in all
specifications. Ul is measured in 100s of dollars in column (1) and 100s of
dollars times the state’s recipiency rate in column (2). Each outcome is
scaled to incidence per 100 students. *p < 0.10, **p < 0.05, ***p < 0.01.
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