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Abstract

The expansion of police presence in U.S. schools over the past two decades raises ques-

tions about the trade-off between student safety and exposure to the criminal justice system.

In this paper, we study how school context moderates the effect that School Resource Officers

(SROs) have on in-school offenses and school discipline. Using a difference-in-differences

design that leverages a federal SRO hiring grant, we estimate bounds on the variance of the

treatment effect distribution to detect treatment effect heterogeneity in SRO hiring and dis-

cover meaningful differences in how hiring SROs impacts the number of students suspended

or referred to law enforcement. To explain the detected treatment effect heterogeneity, we

consider observable school characteristics such as student demographics and school staff

and unobservable differences in how schools implement their SRO program, measured by

training text models to extract themes from grant narratives that describe the problems facing

the school. We find that schools whose SRO programs focus on building community have de-

creased suspensions and referrals or arrests than schools that focus on the SRO’s fulfillment

of traditional law enforcement duties. Our results highlight how a school’s context shapes the

impact that SROs have in schools.
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1 Introduction

Police officers have become a familiar sight on school campuses within the U.S. in the past two

decades. As of the 2019-20 school year, there were 23,426 School Resource Officers (SROs), who

are sworn law enforcement officers that work within school grounds to promote safety (Davis,

2023). While having an SRO on campus can increase the sense of safety among students, teach-

ers and school staff (Brown, 2005; Cuellar et al., 2017; Wood and Hampton, 2021), SROs can also

increase students’ exposure to the criminal justice system, both directly via higher arrest rates

(Owens, 2017) and indirectly by increased suspension and expulsion rates (Sorensen et al., 2023;

Weisburst, 2019) which are associated with higher odds of arrest and incarceration (Monahan

et al., 2014; Mowen and Brent, 2016; Bacher-Hicks et al., 2024). This is a cause for concern as

juvenile criminal justice involvement results in a myriad of negative long-term outcomes such

as reduced likelihood of high school completion (Gottlieb and Wilson, 2019; Hjalmarsson, 2008)

and college enrollment (Kirk and Sampson, 2013), and increased probability of incarceration as

an adult (Aizer and Doyle Jr., 2015).

Something that would help school districts and policymakers better navigate the known

trade-offs of SRO programs than mean effects alone would be understanding how program and

school context contribute to the observed SRO effect. For instance, Fisher et al. (2022) finds that

SROs stationed in schools with a majority of black students perceive threats to school safety as

stemming from within-school misconduct (e.g., student fights, bullying) while SROs in schools

with a majority of white students perceive the threats as being external (e.g., intruder). Differ-

ences in threat perception likely translates to differences in the specific tasks of the SRO (e.g.,

patrolling hallways to keep an eye on students vs. patrolling outside to ensure school grounds

are secure), which has implications for how much of an impact the SRO may have on students.

Qualitative research indicates wide-ranging variation in program context, such as the SRO’s job

responsibilities (Davis, 2023; McKenna et al., 2016; Ryan et al., 2018) and level of involvement in

student discipline (Curran et al., 2019), and in school context (Ghavami et al., 2021; Lynch et al.,

2016). However, the localized nature of SRO programs due to limited federal guidance on their

implementation (Counts et al., 2018) and the resulting lack of centralized administrative data

1



means we are unable to observe the variation across programs and its impact directly.

In this paper, we use observable school characteristics and novel grant narrative data to

proxy for the variation in program and school context in order to explore the treatment effect

heterogeneity in SRO programs. We use the Civil Rights Data Collection (CRDC) from the 2011-

12 to 2017-18 school years to show how SRO hiring impacts school-level disciplinary and aca-

demic outcomes. We use a staggered difference-in-differences design that leverages the 2013-

2016 federal COPS Hiring Program (CHP) grant that funds SRO hiring at schools across the U.S.

By comparing schools that were awarded the grant against schools that applied but were not

awarded, our empirical strategy addresses a key selection issue of schools with higher levels of

student misbehavior being more likely to establish an SRO program. We follow the methodology

of Callaway and Sant’Anna (2021) as the timing of the CHP grant award varies. When we esti-

mate mean effects to serve as a baseline for the heterogeneity analysis, our findings on violent

offenses and larger effects for male students and students with disabilities are consistent with

past quantitative works (Weisburst, 2019; Sorensen et al., 2021, 2023).

The first part of our analysis involves showing evidence of meaningful treatment effect

heterogeneity in SRO hiring. To do this, we follow Heckman et al. (1997) and use classical sta-

tistical bounds established by Fréchet (1951) and Höffding (1970), or “FH bounds,” to identify

the bounds on the variance of the distribution of treatment effects and to test the null hypoth-

esis of a common treatment effect across schools. The strength of using FH bounds is that it

captures meaningful treatment effect heterogeneity that does not depend on our choice or the

availability of observable school characteristics to use as moderators, which would be the case

if we were exploring heterogeneity by estimating an interaction effect. We extend the literature

on FH bounds by applying it to a difference-in-differences design by estimating the counterfac-

tual outcome distribution of the treated group using the Changes-in-Changes framework from

Athey and Imbens (2006). Changes-in-Changes is analogous to difference-in-differences, but

the method identifies the distribution of treatment effect, not just the average treatment effect,

by capturing the change over time in the control group to estimate the counterfactual distribu-

tion of the treated group. We find evidence of meaningful treatment effect heterogeneity at a

p-value < 0.001 for suspensions and grade retention in schools treated in 2013 and 2014, and for
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expulsions and law enforcement actions in schools treated in 2013. We also capture heterogene-

ity in the direction of the treatment effect and find that a vast majority of treated schools have

an increase in suspensions (with no schools having a zero effect) while nearly all treated schools

have a zero effect in expulsions. There is less of a definitive trend in the direction of treatment

effect for law enforcement actions and grade retention.

Next, we examine how SRO program and school context moderate the effect of SRO hiring

on student outcomes. To capture how SRO programs may be implemented differently across

schools, we train text models on CHP grant narratives to identify common themes. In the narra-

tives, grant applicants describe the problems facing their school and outline potential responsi-

bilities of the SRO. We also consider school context, focusing on student demographics and the

presence of specific school staff such as school counselors after a review of the qualitative litera-

ture on SROs (Curran et al., 2019; Fisher et al., 2022). Estimating the treatment effect separately

for schools that were associated with a given moderator and for schools that were not, we find

statistically significant differences between ATTs of the moderator schools and of the compar-

ison schools for multiple moderators, which suggests program and school context can explain

aspects of observed treatment effect heterogeneity.

First, we find schools whose grant narrative contained themes that focused on build-

ing community and trust have a decrease count of suspensions, law enforcement actions, and

chronic absenteeism. Schools whose grant narrative discussed themes that focused on tradi-

tional law enforcement also had decreases in suspensions and law enforcement actions, but

schools focused on community had bigger reductions in these outcomes. The results suggest

schools that focus on community are less likely to use more formal disciplinary measures or

that SROs are able to use softer skills such as mentoring to reduce student misbehavior. An ad-

ditional implication is schools that focus on community may create a better school environment

for students, which has the effect of increasing attendance.

Second, we find schools whose grant narrative view threats to school safety as being in-

ternal experience a decrease in expulsions while schools that viewed threats as being external

experience an increase. One possible explanation for these results is that schools whose SRO is
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focused on reducing within-school student misbehavior may focus more on duties such as pa-

trolling hallways that makes him more visible to students, possibly deterring misbehavior. The

large decrease in chronic absenteeism, a value that corresponds to a decrease of 92.4% of the

pre-treatment mean, suggests such schools may be increasing students’ sense of safety, result-

ing in the decrease in chronic absenteeism. On the other hand, schools that view threats as being

external may have students who are involved in criminal activity outside of school, increasing

the likelihood that there are students who are committing misconduct that is severe enough to

warrant expulsion.

Third, schools who have a majority of students that are black or Hispanic had an increase

in students who retained a grade—corresponding to an 88.0% increase from the pre-treatment

mean —than schools with more mixed student demographics. Schools with a grant narrative

that focused on law enforcement also had a larger increase in grade retention than schools that

did not contain such themes. These results may stem from differences in students’ sense of

safety at school after SROs are stationed, which may impact their learning. Theriot and Orme

(2015) find that black students felt less safe at school when there was an SRO. In addition Curran

et al. (2021) find that interactions with SROs increased students’ sense of danger; it may be the

case that in schools that focus on traditional law enforcement responsibilities, the SRO is more

visible to students and also interacts with students more frequently or in qualitatively different

ways.

Our paper contributes to a growing body of quantitative work on the impact of SROs on

student outcomes (see Sorensen et al. (2023) for a review). For disciplinary outcomes, the quan-

titative literature finds that SRO presence increases arrests, referrals to law enforcement, and ex-

clusionary discipline such as suspensions and expulsions, especially for students of color (Got-

tfredson et al., 2020; Owens, 2017; Sorensen et al., 2021, 2023; Weisburst, 2019). These studies

evaluate treatment effect heterogeneity in SRO programs through several different channels:

students characteristics (gender, race and ethnicity, household income, or disability status);

school level (e.g. middle or high school); number of SROs hired; SRO tenure; and the type of

duties completed by the SRO (Gottfredson et al., 2020; Swartz et al., 2016; Zhang, 2019). Studies

that evaluate heterogeneity from program context, however, are qualitative and based on small
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samples. Our paper contributes to the literature by considering how differently these programs

can be implemented across schools and quantifying treatment effect heterogeneity in SRO hir-

ing on student outcomes, moderated by aspects of program implementation.

We also contribute additionally to a subset of this literature, which uses the COPS grant

applications as the basis of its empirical strategy in estimating SRO impact (Gottfredson et al.,

2020; Owens, 2017; Sorensen et al., 2023; Weisburst, 2019). Past studies have used grant data to

determine the treated group and define the study sample, but have not leveraged grant narrative

data in their estimation. These texts contain valuable information about why a law enforcement

agency requested SRO funding, the possible duties of the hired SROs, and descriptions of how

SROs may be allocated across schools. We use the narrative data to characterize previously un-

observable heterogeneity in approach to school discipline across school districts and examine

its effects on student disciplinary outcomes.

Lastly, we provide a methodological contribution to the literature that uses classical sta-

tistical bounds to explore treatment effect heterogeneity (Heckman et al., 1997; Djebbari and

Smith, 2008; Buhl-Wiggers et al., 2024). In the case of these studies, treatment assignment is

randomized, which makes the estimation of FH bounds more straightforward. We develop

a method that applies FH bounds estimation to a difference-in-differences context using the

Changes-in-Changes framework from Athey and Imbens (2006). This broadens the application

of FH bounds and the documentation of meaningful treatment effect heterogeneity to wider

contexts than randomized control trials.

The paper proceeds in the following order: Section 2 contains background information

about SROs and the federal grant leveraged in this study and Section 3 presents the data. The

analysis begins in Section 4 by estimating the mean effect of SRO hiring on student outcomes.

Section 5 moves onto detecting treatment effect heterogeneity using classical statistical bounds.

Section 6 explains how relevant SRO program and school contexts are measured and Section 7

takes these measures and shows how they moderate the impact of effect of SRO hiring on student

outcomes. Section 8 concludes.
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2 Institutional background

2.1 SROs and their roles

School resource officers (SROs) are sworn law enforcement officers appointed to work within

school grounds to promote safety. These officers can be assigned to schools of all levels although

more middle and high schools have SROs than elementary schools (Wang et al., 2020). Although

exact duties may vary, the work of SROs generally falls into the categories of counseling, teach-

ing, and law enforcement (Gottfredson et al., 2020). As of the 2019-20 school year, around 23,426

SROs were working in schools across the U.S. (Davis, 2023).

In general, local law enforcement agencies, including local police departments, school

district police departments, and sheriff’s offices, work with school district administrators and

staff to create and design SRO programs. The involved parties usually sign a memorandum of

understanding (MOU) defining the roles and responsibilities of SROs in a particular school dis-

trict or school (Ghavami et al., 2021). Although SROs often work closely with school staff on a

day-to-day basis, they still report to and take directions from supervisors in their respective law

enforcement agencies (McKenna et al., 2016).

SROs can play many different roles on school grounds. First, they act as law enforcement

on campus: they may patrol hallways, respond to incidents or calls for services, issue warnings,

and make arrests. Second, SROs can also be hired to teach school safety programs (e.g. DARE)

and mediate interpersonal conflicts between students. Finally, SROs may also act as informal

counselors and mentors to students, coach sports teams or lead other extracurricular activities,

and perform chaperone duties on field trips (Davis, 2023).

SRO programs have become increasingly commonplace over the past two decades. Ac-

cording to the School Survey on Crime and Safety, which is a nationally representative survey of

public schools, the percentage of schools where security staff (including SROs) are present ev-

ery week increased from 42 to 61% between the 2005-06 and 2017-18 school years (Wang et al.,

2020). The proliferation of SRO programs is often attributed to the rise of community-oriented
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policing since the 1980s and the Columbine shooting in 1999 (McKenna et al., 2016).

Funding for SRO programs can come from several different sources. At the federal level,

the U.S. Department of Justice funds SRO hiring/rehiring through grants under the Community

Oriented Policing Services (COPS) program. We detail these federal grants in the next section.

Some states also provide funding for SRO hiring, such as North Carolina (Sorensen et al., 2021).

According to a survey of SROs during the 2019-20 school year, only a small fraction (4.3%) of SRO

programs are funded by federal funds (Davis, 2023). Among the remaining programs, 78.6% are

funded by the school district and 10.2% are funded by state/local grants and taxes. To our knowl-

edge, this was the first national survey of SRO programs and there is no nationally representative

data on SRO funding sources before this. Our study period is 2011 to 2018, so the distribution of

funding sources is likely similar to the survey statistics from 2019.

2.2 How the CHP grant works

The COPS Hiring Program (CHP) is a grant established as a part of the U.S. Department of Jus-

tice’s Community Oriented Policing Services (COPS) program. It provides funds to law enforce-

ment agencies to create new positions or retain existing positions that are at risk of being elim-

inated due to budget reductions, to aid in community policing initiatives. The original grant

under the COPS program was the Cops In Schools (CIS) grant, designed specifically to disburse

funding to law enforcement agencies to hire SROs and was active from 1999 to 2005. The CHP

grant program launched in 2010, as the successor of the CIS grant program.1 The CHP program

has a broader reach than its predecessor as it accepts applications for community policing initia-

tives outside of school-based policing. While in a given year only a small proportion of agencies

fund their SRO programs using federal funds, the COPS program has played a large role in the

current prevalence of SRO programs across the U.S. as it provides short-term funding that can

serve as “proof of concept” for school districts that may be interested in seeing whether an SRO

program is a worthwhile inclusion as a budget item. Between 1999 and 2013, COPS provided

funding for 7,200 new SRO positions nationwide (James and McCallion, 2013).

1The CHP grant began awarding funding in 2010, but only began awarding grants for school-based policing in
2013. There was also a pause in awards in 2018 and 2019 as the grant program was not funded in those fiscal years.
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All local, state, and tribal law enforcement agencies are eligible to apply to the CHP grant.

It covers up to 75% of direct personnel costs such as salary and fringe benefits, up to $125,000,

over three years within a five-year period. Agencies are required to provide a minimum of a 25%

match for the personnel costs unless a waiver is approved, and to show that they will be able to

retain the position for 12 months following the end of the grant period. Agencies that apply for

school-based policing must submit a signed Memorandum of Understanding (MOU) with their

partner organization, which is often the school district the agency will be working with, within

90 days of the grant award. The CHP grant application period for a given fiscal year is usually in

the spring and the grant is awarded by October 1. For example, the grant application period for

the 2016 CHP grant ran from April 25 to June 23, 2016 and the grant disbursement period began

on October 1, 2016. This means that the start of the grant disbursement period overlaps with

the start of a school year; thus, for example, a school district that applied for and was awarded

the 2016 CHP grant would, depending on how quickly they were able to fill the position, have an

SRO starting from the 2016-17 school year.

The CHP grant is awarded based on three factors: the strength of the agency’s community

policing initiatives, which the agencies detail in their application material; the fiscal need of

the agency, which is measured using changes in the law enforcement budget and the poverty

and unemployment rate within the agency’s jurisdiction; and the crime rate within the agency’s

jurisdiction. The COPS grant office assigns each applicant a score for each of the three factors

mentioned above with the final score being the sum of the three scores.2 Both the state the

agency is located in and the size of the population the agency serves also play a role due to

the statutory requirements of the CHP grant.3 The variation in grant award for a given grant

year is plausibly exogenous as grant allocation depends on the mix of states and population

sizes represented within the pool of applicants and on the total amount of funding allocated to

the CHP grant for that grant year. While the trends in student disciplinary incidents within a

school may be correlated with the trends in economic conditions and crime of its surrounding

2The final score can also include additional points based on a miscellaneous category, which changes across grant
years.

3The requirement states that each state or territory with eligible applicants must receive 0.5% of total grant funds,
and that half of the funds must be disbursed to agencies serving populations larger than 150,000 and the other half
to agencies serving less than 150,000. See Sorensen et al. (2023) for specifics about the grant award process.
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community, increasing the likelihood that an agency is awarded the grant, an agency cannot

predict the number or characteristics of other agencies that also choose to submit an application

that grant year and the amount of funding the Department of Justice chooses to allocate to the

CHP grant.

3 Data

The main data we use to construct our sample and treatment is the 2013-2016 COPS Hiring

Program (CHP) grant application data, obtained from the U.S. Department of Justice through

Freedom of Information Act (FOIA) requests. The data include basic information about the

agency that submitted the application such as the agency name, city, state, and grant-specific

information such as the number of SRO positions requested, year of application, name of part-

ner organization (typically the local school district), and grant award status. We also have grant

narrative data, which are long-form text responses that describe the problem the agency will

address using the grant funds and the agency’s approach to the problem.

For school-level data, we use the Civil Rights Data Collection (CRDC). The CRDC is a bi-

ennial survey that has been collected since 1968 to measure the extent to which students across

the U.S. have equal access to educational opportunities. The CRDC contains information about

student enrollment, presence of certain school staff, and student disciplinary incidents. We use

surveys from the 2011-12, 2013-14, 2015-16, and 2017-18 school years as they include the uni-

verse of public schools in the U.S.4 We supplement the CRDC with the Common Core of Data

(CCD), which contains additional school-level characteristics such as the school level, school

locale, and school region.

We use the following disciplinary outcomes reported by the CRDC: formal law enforce-

ment actions, which are the number of students who receive tickets, citations, or referrals to law

enforcement and school-based arrests; suspensions, in-school and out-of-school; and expul-

sions. We also use disciplinary offenses such as gun offenses, which are the number of incidents

4In prior survey waves, the CRDC contained only a sample of public schools in the U.S.
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of physical attacks, threats of attacks, and robberies involving firearms and explosives as well as

firearm or explosives possession; and other offenses, which are the number of incidents of sex-

ual assault, rape, or attempted rape as well as physical attacks, threats of attack, and robberies

with no weapons or weapons other than firearms or explosives. It is important to note that the

disciplinary outcomes enumerate the number of students who received a specific disciplinary

action—a student with multiple suspensions within a school year would be recorded as having

received one suspension for that school year —while the disciplinary offenses are counts of in-

cidents. For academic outcomes, we use chronic absenteeism, which is the number of students

who have missed at least 15 days of school in a given school year; and grade retention, which is

the number of students who repeat the same grade in the following school year.

We transform the outcomes so that they are counts (or incidents) per 100 students in order

to factor in student enrollment, and winsorize at the 99th percentile due to extreme values in

the long right tail of the distribution (see Appendix B.2 for details on the construction of the

outcomes). The CRDC also contains the outcomes (excluding offenses) disaggregated by gender,

race and ethnicity, disability status, and Limited English Proficiency (LEP) status, and we use

these to present heterogeneous treatment effects by student subgroups.

Our sample contains schools linked to law enforcement agencies that applied for the CHP

grant for school-based policing between 2013 to 2016. Schools are matched to law enforcement

agencies using the grant narrative data (Appendix B.3 describes this process). The sample is

restricted to the 92.2% of schools whose applications stated they did not have an SRO stationed

in the school at the time of grant application so that the results can be interpreted as an extensive

margin effect of establishing a new SRO program. The final sample contains 10,586 schools in

908 different school districts.

Table 1 contains descriptives from the 2011-12 CRDC5 for schools that applied for but did

not receive the CHP grant and schools that received the CHP grant. We find that schools awarded

the grant have more students of color and students who receive free or reduced price lunch in ad-

5Chronic absenteeism and whether the school has an SRO were measured from the 2013-14 CRDC, and gun of-
fenses and other offenses were measured from the 2015-16 CRDC as these questions were not asked in earlier waves.
All other variables are measured from the 2011-12 CRDC.

10



dition to having more enrolled students on average than schools that did not receive the grant.

They also have a higher number of students who experienced suspensions, law enforcement

actions, chronic absenteeism, and grade retention and higher incidents of other offenses, but

fewer students who experienced expulsions. These differences at the baseline may reflect dis-

parities in community policing initiatives, unemployment rates, poverty rates, and crime rates,

all of which factor into the grant award decision as discussed in Section 2.2.

4 Mean effect of SROs on student outcomes

Prior to exploring how the variation in SRO program implementation explains heterogeneity in

the treatment effect, we estimate the mean effect of receiving a grant for SRO hiring on student

disciplinary and academic outcomes. We do this because having baseline results gives us a point

of reference that can put estimates of heterogeneous treatment effect into context, and also al-

lows us to compare our results against existing literature.

4.1 Empirical strategy

To establish a causal relationship between SROs and student disciplinary and academic out-

comes, we use a staggered difference-in-differences design that leverages the federal CHP grant

which funds SRO hiring at schools. This is done to avoid endogeneity concerns that would

arise from a naive comparison between schools that have SROs and those that do not, as having

higher rates of detected student misbehavior could make schools more likely to establish SRO

programs, leading to an overestimation of their effect on student discipline. Instead, we use the

CHP grant to delineate our sample as schools that applied to the grant, which means all compar-

isons are between schools that were motivated to establish an SRO program, and to determine

treatment status, which is assigned by the CHP grant office (Section 2.2 describes the process)

and not individual schools. It is important to note that our sample captures a specific subset of

schools that are interested in hiring SROs and have limited means to finance the hire through

local funding sources, which may result in estimates that differ from one derived from a more
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nationally representative sample. Furthermore, because treatment is defined as being awarded

the CHP grant, our estimates capture less the effect of hiring SROs and more the effect of re-

ceiving the funding to hire SROs. Past work suggests that receiving the CHP grant does lead to

increased SRO hiring (Owens, 2017; Sorensen et al., 2023), but we are unable to directly observe

SRO placement due to data limitations.6

Recent literature on difference-in-differences has shown that the traditional two-way fixed

effects (TWFE) estimator may be inconsistent when there is variation in treatment timing and

treatment effect heterogeneity, as early treated units are included in the comparison group for

late treated units (de Chaisemartin and D’Haultfœuille, 2020; Goodman-Bacon, 2021; Sun and

Abraham, 2021). Thus, to sidestep potential pitfalls and to account for dynamic treatment ef-

fects, we use the framework and estimator from Callaway and Sant’Anna (2021). Under this ap-

proach, a key identifying assumption is the conditional parallel trends assumption, which states

that student outcomes in treated schools and control schools would have evolved in parallel

over time had treated schools not been awarded the CHP grant, conditional on covariates not

affected by treatment.

Let Dst be the treatment indicator for school s located in school district d(s) linked to a

law enforcement agency that is awarded the CHP grant in year t. Omitting unit level subscripts

for clarity, treated schools are assigned to a treatment group based on the year they were first

treated with the indicator Gg, where g ∈ {2013, 2014, 2015, 2016}. In cases where the law enforce-

ment agency applied for the CHP grant multiple times between 2013 to 2016, the school belongs

to the treatment group in the first year it is awarded the grant. Once treated, treatment is sus-

tained through the end of the study period as the grant funds SRO positions for three years and

applicants are required to retain the position for one year following the end of the grant. Let

the indicator C = 1 for schools that applied (even across multiple years) but did not receive the

grant. These schools are in the “never treated” group, or G = ∞, which serves as the comparison

for all treatment groups. Table 2 shows the distribution of the control and treated groups across

years. Let Ygt be the outcome of interest for schools in treatment group g in year t.

6While the CRDC includes a question about SRO placement in schools starting with the 2013-14 CRDC, issues
with the 2015-16 CRDC questionnaire (?) result in missing values for 80.6% of treated schools and 71.6% of control
schools. This limits our ability to capture a pre/post change in SRO presence within treated schools.
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We begin by estimating the average treatment effect on the treated (ATT) of being awarded

the CHP grant on student outcomes for each treatment group g and post-treatment year t pair-

ing, conditional on pre-treatment covariates X. These estimates are referred to as group-time

ATTs:

ATT (g, t) = E

 Gg

E[Gg]
−

pg(X)C
1−pg(X)

E
[

pg(X)C
1−pg(X)

]
 (Yt − Yg−1 − E[Yt − Yg−1|X,C = 1])

 (1)

where pg(X) = P (Gg = 1|X,Gg + C = 1), or the propensity score of being in treatment group g

conditional on pre-treatment covariates.

Individual group-time ATT estimates are then aggregated using weights into dynamic ATT

estimates, or the average treatment effect by the number of years of exposure to treatment e:

θ(e) =
∑
g∈G

1{g + e ≤ T }P (G = g|G+ e ≤ T )ATT (g, g + e)

Due to the structure of the data in which the treatment groups progress yearly but the school-

level outcomes progress biennially, we pool together the one- and two-year effect of receiv-

ing grant funding to hire SROs such that the dynamic ATT estimates progress biennially, or

e ∈ {−4,−2, 0, 2, 4}. For example, the dynamic ATT estimate for two years after treatment

θ(2) aggregates individual ATT estimates that capture one-year effects from the 2014 and 2016

treatment groups using the 2015-16 and 2017-18 CRDC, respectively, or ATT (2014, 2015) and

ATT (2016, 2017); and two-year effects from the 2013 and 2015 treatment groups using the 2015-

16 and 2017-18 CRDC, respectively, or ATT (2013, 2015) and ATT (2015, 2017). Pooling allows us

to compare all estimates against the same pre-treatment period.7

Figure 1 shows the conditional dynamic ATT estimates for all disciplinary outcomes and

grade retention.8 Appendix Figure A1 shows the unconditional dynamic ATT estimates and Ap-

7It is the standard in event study plots to normalize all estimates using the last period before treatment. Our data
structure prevents us from using the same comparison period to normalize estimates across all treatment groups.
Specifically, while we can use one year before treatment as the comparison for the 2014 and 2016 treatment groups
(using the 2013-14 and 2015-16 CRDC, respectively), the closest pre-treatment comparison for the 2013 and 2015
treatment groups is two years before treatment (using the 2011-12 and 2013-14 CRDC, respectively) as the CRDC is a
biennial survey.

8Chronic absenteeism, gun offenses, and other offenses are excluded because these outcomes are only present in
two CRDC survey waves, resulting in a pre/post comparison.
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pendix Figure A2 shows conditional dynamic ATT estimates that are not pooled. Figure 1 sug-

gests that the conditional parallel trends assumption is satisfied for disciplinary outcomes, but

not for grade retention. This means we are unable to interpret the estimates for grade reten-

tion as causal as there are statistically significant differences between the treatment and control

groups for this outcome; however, we are able to interpret the estimates for the other outcomes

as causal.

Dynamic ATT estimates are aggregated to produce the overall ATT estimate, which cap-

tures the average treatment effect across varying lengths of exposure to treatment:

θoverall =
1

T − 1

T −2∑
e=0

θ(e)

Our estimation includes the following controls using pre-treatment characteristics of schools:

proportion of enrolled students who are male, black, Hispanic, disabled, have Limited English

Proficiency (LEP), receiving free or reduced price lunch; school level (elementary, middle, or

high); school locale (urban, suburban, town, or rural); school region (Northeast, South, Mid-

west, West); and the population size that the law enforcement agency serves (more or less than

150,000). We include these covariates to strengthen the plausibility of the parallel trends as-

sumption as schools that received the CHP grant differ from schools that did not in terms of stu-

dent composition and school characteristics, which may impact how student outcomes evolve

over time. Standard errors are estimated using the Wild bootstrap (Wu, 1986; Cameron et al.,

2008) and clustered at the school district level as treatment is determined at the agency level,

and agencies are matched to school districts.

4.2 Baseline results

Tables 4 and 5 contain the post-treatment ATT estimates of impacts on student outcomes in re-

sponse to receiving CHP grant funding for SRO hiring. Looking at the first row of the tables, we

find that receiving the CHP grant results in an average decrease of 0.186 per 100 students who

experience law enforcement action, or a 32.2% decrease from the pre-treatment mean (Table
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3 contains pre-treatment means). The number of incidents of other offenses also decreased by

1.506 per 100 students, or a 76.2% reduction from the pre-treatment mean. These results suggest

that students in schools that received funding to hire SROs may be deterred away from commit-

ting serious offenses, which would also decrease the need for formal law enforcement action.

Furthermore, having an SRO on campus who regularly interacts with students and becomes fa-

miliar with their background may result in the SRO foregoing formal law enforcement action in

favor of less severe or more informal responses to misbehavior. We do not find meaningful ef-

fects of the CHP grant award on the count of students that experienced exclusionary discipline,

chronic absenteeism, grade retention, or gun offenses.

The remainder of Tables 4 and 5 present how the impacts differ by student characteristics

such as gender, race and ethnicity, disability status, and LEP status. We are unable to provide

these estimates for gun offenses and other offenses as the CRDC does not report these out-

comes disaggregated by student characteristics. We find a CHP grant award results in a decrease

of 0.135 per 100 students who experience law enforcement action for male students while the

estimate is substantially smaller and not statistically significant for female students. The effect

may be concentrated in male students as they received nearly 2.5 times as many law enforce-

ment actions in the pre-treatment period as female students. The grant award also results in a

decrease of 0.069 per 100 students who experience law enforcement action among students with

disability status while the estimate is not statistically significant for students without disability

status. This difference may be due to the fact SROs are able to gain a more holistic understand-

ing of a student’s background unlike patrol officers who are irregularly called onto campus as

needed. We do not find meaningful effects across student subgroups on the count of students

that experienced exclusionary discipline, chronic absenteeism, grade retention, or gun offenses.

However, we note that, while statistically insignificant, the estimates for male students across

these outcomes are larger than female students as with for black students compared to white

students.

Our results differ from other papers that similarly leverage federal grants for SRO hiring,

which find that grant receipt has positive effects on exclusionary discipline and law enforcement

actions. This likely stems from differences in the specific grant mechanism (Owens (2017) and
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Weisburst (2019) use the Cops In School (CIS) grant rather than the CHP grant), study period,

and the comparison group. Sorensen et al. (2023) is the closest comparison to our paper as it

also uses the CHP grant as its mechanism and the CRDC for its school-level outcomes, and its

use of a regression discontinuity design (RDD) means its comparison group is also schools that

applied but were not awarded the grant. The difference in findings may be the result of the fact

that, by virtue of RDD, they are using a hyper-local comparison group while we compare schools

with greater variation in grant scores; and their study period is schools that applied for the CHP

grant between 2015 to 2017 while we focus those between 2013 to 2016. Appendix Table A2

contains estimates aggregated by treatment group and, while none are statistically significant,

estimates for law enforcement actions for the 2013 and 2014 treatment groups are negative while

those for 2015 and 2016 treatment groups have a positive relationship, revealing differences that

can exist due to study period. These results further highlight the heterogeneity present in this

setting and emphasize the salience of examining treatment effect heterogeneity.

5 Evidence of treatment effect heterogeneity

The most straightforward way to show that there is treatment effect heterogeneity would be to

estimate the distribution of the treatment effect, or ∆s = Y1s − Y0s, which comes from taking

the difference in the outcome between the treated and untreated state for each school in the

sample. This is not possible to do, however, as we cannot observe both states. Even under an

experimental design in which schools in the control group act as the proxy for the untreated

state of treated schools, it is not possible to identify the treatment effect distribution because

all the permutations of mapping individual schools in the control group to those in the treated

group means there is a vast range of possible treatment effect distributions. Instead, we follow

Heckman et al. (1997), Djebbari and Smith (2008), and more recently Buhl-Wiggers et al. (2024),

and use classical statistical bounds established by Fréchet (1951) and Höffding (1970), referred to

as “FH bounds,” which uses the marginal distributionsof the treated and untreated outcomes to

bound their joint distribution. While the FH bounding distributions do not bound the treatment

effect distribution itself, they bound some of its characteristics, including the impact standard
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deviation which captures the variation of the treatment effect distribution.

Using the potential outcomes framework, letF1(Y1)be the outcome distribution of schools

that received the CHP grant and let F0(Y0) be the outcome distribution of schools that did not

receive the grant. Let D indicate whether the school applied for the CHP grant. Then, F (Y1, Y0)

is the joint distribution and the FH bounds can be expressed as

max[F1(Y1|D = 1) + F0(Y0|D = 1)− 1, 0] ≤ F (Y1, Y0|D = 1) ≤ min[F1(Y1|D = 1), F0(Y0|D = 1)]

The upper bound distribution corresponds to a case of perfect positive dependence, or “rank

preservation,” in which the rank correlation between the treated and control distributions is 1.

This implies a school would maintain its relative position within the distribution after receiving

treatment. The lower bound distribution corresponds to a case of perfect negative dependence,

or “rank inversion,” in which the rank correlation between the treated and control distributions

is -1. This implies a school would attain a rank inverted from its original relative position within

the distribution after receiving treatment (e.g., school at the 5th percentile attaining the 95th

percentile); this is an extreme case that allows us to capture the full range of possible joint dis-

tributions.

We estimate the quantile treatment effect (QTE) at each ventile, or every fifth percentile

from the 5th to 95th percentiles. It is important to note that these estimates in themselves cannot

be interpreted as the treatment effect at the given ventile (e.g., grant award affects schools at the

5th percentile by Y additional counts of the outcome) unless the rank preservation assumption

is satisfied. As we do not test that the rank preservation assumption holds, the QTEs merely

informs about the shape of the outcome distribution. We also estimate the Pearson correlation

ρY0,Y1 between the treated and control distributions and the proportion of schools that had a

positive treatment effect. Finally, we estimate the impact standard deviation, which captures

the standard deviation of the treatment effect distribution:

ISD =
√
V ar(Y1 − Y0)

= V ar(Y1) + V ar(Y0)− 2ρY0,Y1

√
V ar(Y1)V ar(Y0)
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The impact standard deviation is used to detect treatment effect heterogeneity in our setting.

In a setting with common treatment effects, the variance of the treatment effect distribution is

zero. Thus, an impact standard deviation that is bounded away from zero makes the case that

there is not a common treatment effect, but that there is treatment effect heterogeneity. We

take the additional step of testing the null hypothesis of a common treatment effect using the

method outlined in Appendix E of Heckman et al. (1997). The method accounts for the fact that

the null is at the boundary of the parameter space of a standard deviation of [0,∞). The method

involves drawing observations from the control group to construct a faux treatment group in

order to estimate the impact standard deviation. As draws are made from the control group, we

would expect the estimated impact standard deviation to be zero. The distribution of the impact

standard deviation from 1,000 draws is then used to construct cutoff values for testing the null

hypothesis.

5.1 Empirical strategy

One major difficulty in estimating FH bounds within our study context is the fact that the marginal

distribution of the control group is supposed to stand in for the untreated state of treated schools.

This is the case in past uses of FH bounds (Heckman et al., 1997; Djebbari and Smith, 2008; Buhl-

Wiggers et al., 2024) as in these studies, treatment assignment is randomized. Within our study

setting, however, treatment is not randomized; instead, we use a quasi-experimental design

of difference-in-differences with the key identifying assumption of conditional parallel trends,

which allows us to use the outcomes from the control group, after differencing out the change

over time, as the counterfactual of the treated group. Thus, we apply this idea of using the time

effect within the control group to estimate the counterfactual distribution of the treated group,

or the outcome treated schools would have attained had they not received treatment, and use

this as the comparison distribution when estimating FH bounds.

To estimate this counterfactual distribution, we use the Changes-in-Changes framework

from Athey and Imbens (2006), which Melly and Santangelo (2015) expand on to include covari-

ates. Changes-in-Changes is analogous to difference-in-differences, but the main difference is
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that the distribution of the treatment effect is identified instead of just the average treatment ef-

fect under difference-in-differences. To illustrate how the Changes-in-Changes method works,

suppose the outcome Ys is generated by a production function

Ys = h(Us, Xs, Gs)

where Us contains unobservable school characteristics that contribute to the outcome produc-

tion, Xs contains covariates, and Gs is a treatment indicator. Outcomes in the periods before

treatment are generated by hpre(·) for both groups while in the periods after treatment, the out-

comes of the treated group are generated by hpost,treat(·). The realization of Us = u is used to

match outcome distributions of treated and control schools as Us determines the relative rank

of a school within its group’s distribution. Then, the quantiles of the treatment effect distribution

are

τ(u) = hpost,treat(u, 1)− hpre(u, 1)

The Changes-in-Changes method requires the following identifying assumptions. The

first assumption is that the outcome distribution of both treated and control groups in the pre-

treatment periods are generated by the same function hpre(Us, Ts). This assumption allows the

mapping of treated and control group outcomes in the pre-treatment period. We also assume

that the functions h(·) are strictly monotonic. This ensures that we are able to match treated and

control schools by the realized value of Us based on the relative position of the school within the

outcome distribution as Us is unobservable. Lastly, Us must be time invariant within the groups,

meaning that its relative position within the distribution stays the same between pre- and post-

treatment periods. This assumption is necessary to identify the time effect within the control

group, which is used to estimate the counterfactual distribution of the treated group.

From these assumptions, for each quantile q ∈ (0, 1), the counterfactual outcome distri-
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bution of treated schools can be identified by

FCF
Y,11 = F−1

Y,01(FY,00(F
−1
Y,10(q)))

where FY,gt(·) is the cumulative density function for group g in time t and F−1
Y,gt is the inverse

cumulative density function. For a given q, F−1
Y,10(q) outputs the associated value, which when

put into FY,00(·) provides the quantile in the control group at the pre-treatment period that is as-

sociated with that value. This mapping is only possible because the production function for the

outcome distributions in the pre-treatment period is the same for treated and control schools.

Next, we find the change in the outcome over time for that quantile in the control group us-

ing F−1
Y,01(·). This new value in the post-treatment period is the counterfactual outcome of the

treated school at the given q. This procedure is applied to quantiles q ∈ (0, 1) to estimate the

counterfactual distribution.

We adapt our study framework in order to estimate the counterfactual distribution. Specif-

ically, we adapt a 2× 2 framework for each treatment group: the period before treatment is used

as the pre-treatment period and for the post-treatment period, we take the average across all

outcomes in the post-treatment periods. Figure 2 maps the observed distribution of the treated

group in the post-treatment period and the counterfactual distribution of the treated group es-

timated using the Changes-in-Changes method for the 2014 treatment group. We note that the

counterfactual distributions closely follow the shape of the observed distributions.

We estimate the FH bounds by collapsing the outcome distributions of both the observed

and counterfactual distributions into percentiles then take the difference between the outcome

of the two groups at each percentile. Under rank inversion, we invert the order of the per-

centiles of the control group before taking the difference. To estimate the QTEs, we take the

difference between the observed and counterfactual distributions at each ventile. We construct

bootstrapped confidence intervals using the percentile method, drawing 1,000 bootstrap sam-

ples of schools from our sample with clusters at the district level. We estimate FH bounds sepa-

rately for the 2013 and 2014 treatment groups, but exclude the 2015 and 2016 treatment groups

due to small sample size. The bounds are estimated for disciplinary outcomes such as suspen-
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sions, expulsions, and law enforcement actions as gun offenses and other offenses first appear in

the 2015-16 CRDC and chronic absenteeism first appears in the 2013-14 CRDC.

5.2 Results

Table 6 contains FH bounds estimates at the 5th, 25th, 50th, 75th, and 95th percentiles in addi-

tion to the Pearson outcome correlation, impact standard deviation, and the fraction of schools

in the treated group that had a positive, negative, or zero treatment effect. Estimates are pre-

sented for both the rank preservation and rank inversion cases. First, we find that for expulsions,

FH bounds up to the 75th percentile are estimated at zero because most schools (86.3%) do not

report any counts of expulsions. Law enforcement actions follow a similar pattern as 71.1% of

schools do not report any counts of law enforcement actions. We also find larger treatment ef-

fects associated with higher percentiles, illustrating the variation in treatment effect across the

outcome distribution.

Next, we examine treatment effect heterogeneity captured by differences in the direction

of treatment effect. For suspensions, a majority of treated schools had a positive treatment ef-

fect, meaning suspensions increased due to SRO hiring, at the least 50.5% of schools under the

rank inversion case for the 2014 treatment group and at most 90.5% of schools under the rank

preservation case for the 2013 treatment group. A smaller proportion of schools had a nega-

tive treatment effect (between 0-42.4% of schools in the 2013 treatment group and 24.2-49.5%

in the 2014 treatment group), but none or up to 1% of schools had a zero treatment effect. For

expulsions, as suggested by the treatment effects on the ventiles, most treated schools had a

zero treatment effect (77.8-88.9% of schools in the 2013 treatment group and 86.9-91.9% in the

2014 treatment group) with slightly more positive than negative effects in the 2013 treatment

group but the opposite for the 2014 treatment group. There is less of an overwhelming trend

for law enforcement actions: for the 2013 treatment group, around a third of schools have an

increase in law enforcement actions following treatment and between 1-32.3% of schools expe-

rience a decrease while between 35.4-67.7% of schools have a zero treatment effect. However, for

the 2014 treatment group, schools are more likely to experience a decrease in law enforcement
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actions (between 41.4-51.5% of schools) with 11.1-48.5% of schools with a positive treatment

effect. Anywhere between 0-47.5% of schools experienced a zero treatment effect. Lastly, for

grade retention, a majority of schools had an increase (52.5-72.7% for the 2013 treatment group

and 54.5-83.8% for the 2014 treatment group) while it is not clear whether the second largest

group are schools that had a negative or zero effect. This reflects the upward trend in grade re-

tentions observed in Figure 1 and may not be from SRO hiring as the conditional parallel trends

assumption could not be satisfied.

Turning to the impact standard deviation, suspensions have the largest bounds, with (8.962,

23,719) in the 2013 treatment group and (1.923, 16.470) in the 2014 treatment group. This is

consistent with the fact that suspensions have the smallest mass point at zero with 85.5% of

schools in the analysis sample having a non-zero count of suspensions and having the widest

range of values. Expulsions have the most modest bounds, with (0.144, 0.408) in the 2013 treat-

ment group and (0.021, 0.130) in the 2014 treatment group as only 13.7% of schools in the anal-

ysis sample have a non-zero count of expulsions. Law enforcement action and grade retention

have more comparable bounds with law enforcement action having bounds of (0.607, 1.738) and

(0.206, 2.026) and grade retention having bounds of (0.709, 3.944) and (0.892, 5.680) for the 2013

and 2014 treatment groups, respectively. Comparing across treatment groups, the bounds on

the impact standard deviation for the 2013 treatment group has a wider range than those for the

2014 treatment group.

We note that the lower bound on the impact standard deviation is bounded away from

zero for all outcomes in both 2013 and 2014 treatment groups. However, when we compare the

lower bound estimate against the Monte Carlo cutoff values constructed using the method from

Appendix E of Heckman et al. (1997), we find that we can reject the null of a common treatment

effect for suspensions and grade retention in both treatment groups, and expulsions and law

enforcement actions in only the 2013 treatment group, all with a p-value of < 0.001. The inability

to reject the null for expulsions and law enforcement actions in the 2014 treatment group may

be due to the large proportion of zeroes within these outcomes, which reduces the range of

potential values. These results provide evidence for treatment effect heterogeneity within the

study setting by showing that there is variance in the effect of SRO hiring on student outcomes
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across schools in our sample.

6 Sources of heterogeneity

6.1 Conceptual framework

How do SROs impact school discipline and why would we expect their impact to be heteroge-

neous across schools? At first glance, we would expect SROs to have no effect as they do not for-

mally engage in school disciplinary decisions: the National Association of School Resource Of-

ficers (NASRO), a professional organization for SROs, recommends as a best practice that SROs

be prohibited from being directly involved in student discipline NASRO (2015) and, when sur-

veyed, SROs, schools administrators and staff, parents, and students agree with NASRO’s stance

(Curran et al., 2019; McKenna et al., 2016). While our results corroborate this viewpoint, past

literature has instead shown that, despite their lack of a formal role, having SROs in schools in-

crease rates of suspension and expulsion (Sorensen et al., 2021, 2023; Weisburst, 2019). This

suggests that there must exist channels through which SROs indirectly impact school discipline.

One potential channel is the increased detection of rule-breaking activity. According to the

2019 Survey of Law Enforcement Personnel in Schools, nearly all (97.8%) SROs patrolled school

grounds and 82.9% conducted video surveillance or monitoring of student behavior (Davis,

2023). The increased likelihood that student misbehavior is detected means school adminis-

trators also have a higher chance of being informed of incidents that are serious enough to war-

rant exclusionary discipline (Curran et al., 2019). In conjunction with increased detection, the

literature on SROs also theorizes that SROs escalate the response to student misbehavior either

by increasing the severity of the response (e.g. out-of-school suspension instead of in-school

suspension) or moving from within-school disciplinary action to formal law enforcement action

such as police referrals or arrests (Hirschfield, 2008; Thurau and Wald, 2010). Previous empirical

studies have provided evidence suggesting that SRO presence increases the number of referrals

to police for minor offenses (Theriot, 2009; Sorensen et al., 2021). Increased detection working in

tandem with escalation is likely what drives the increase in exclusionary discipline noted in past
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work: Weisburst (2019) finds that receiving grant funding for an SRO results in more students

who experience disciplinary action for school code of conduct violations, with out-of-school

suspension being the most common sanction.

Another potential channel which drives disciplinary action in the opposite direction is a

deterrence effect. Previous literature shows that increased police presence, especially in “hot

spots” or small local areas where crime is likely to occur, reduces the crime rate (Chalfin and

McCrary, 2017; Owens, 2013). As the main responsibilities of the SRO require them to interact

often with students in a highly visible way (e.g. patrolling the hallways, teaching a class), SRO

presence on school grounds may deter students from misbehaving, thus reducing the need for

discipline.

These channels can be used to think through how the variation across SRO programs and

their local contexts translate into heterogeneity in SRO impact. For instance, consider the vari-

ation across individual school administrators, who all have their own approaches to school dis-

cipline. Heise and Nance (2021) observe that principals play a role in mediating students’ ex-

posure to law enforcement by choosing whether to report or omit certain disciplinary incidents.

Then, schools whose principal is more flexible about engaging SROs may have a higher likeli-

hood that incidents escalate to formal law enforcement action compared to schools whose prin-

cipal is more restrictive. Considering there are a wide variety of factors about SRO programs that

can differ across schools, we use the ecological systems model outlined in Curran et al. (2019)

to systematically guide our untangling of these differences. The model lays out how the actions

of the SRO are nested within broader contexts (e.g., school, district, state) and the influence that

comes from interactions with different actors within each context (e.g., principal, school board,

state legislation). We pair this with a review of the qualitative literature to determine factors that

may be salient to SRO impact, which are outlined in the next section.

6.2 Moderators

Table 8 lists the moderators of interest, or school characteristics that proxy for the variation in

program and school context that may explain the treatment effect heterogeneity observed in our
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analysis. The first set of moderators are related to program context, or how the law enforcement

agency approached the implementation of the SRO program and what issues within the school

they set out to address. This may have an effect on school discipline by influencing how the SRO

interprets his role within the school. For example, an SRO assigned to a school that has an issue

with bullying may emphasize his role as a mentor or counselor compared to an SRO assigned

to a school experiencing multiple drug or alcohol offenses in which the SRO may focus more

on his law enforcement role. The moderators are identified via a text analysis that found five

common themes in the grant narrative where law enforcement agencies were asked to explain

what problems were facing the school. Section 6.3 details the text analysis method and explains

the themes that were identified.

We also consider the school’s racial composition. Previous literature shows that SRO pro-

grams have a disproportionately negative impact on students of color (Anyon et al., 2014; Sorensen

et al., 2023; Weisburst, 2019). This disparity may arise because the racial composition of a school

can impact an SRO’s perceptions of whether potential threats are internal or external to the

school, which may subsequently affect his approach to student discipline (Fisher et al., 2022).

We use the CRDC to identify schools that are comprised of a majority of black or Hispanic stu-

dents (more than 75% of students are black or Hispanic in the 2011-12 school year) and schools

that are comprised of a majority of white students (more than 75% of students are white in the

2011-12 school year). Lastly, we consider the interactions between SROs and school staff, specif-

ically a school counselor. Having a counselor on school grounds may mediate the effect that

SROs have on school discipline as counselors may be able to provide the context behind stu-

dents’ misbehavior, which could prevent incidents from escalating into formal disciplinary ac-

tion. We use the 2011-12 CRDC to identify the presence of counselors in schools.

6.3 Text-based analysis on grant narratives

To understand how SRO programs may be implemented differently across different schools, we

train text models on CHP grant narratives to identify common themes. These narratives vary

across applicants, but often contain descriptions of the problems that motivate the need for

25



SRO hiring, what activities the SROs would perform, and how they would be allocated across

schools. As an outcome of the text-based analysis, we can categorize schools into groups based

on their SRO program attributes for treatment effect heterogeneity analysis.

We used the Correlated Topic Model (CTM) to identify themes in the grant application

texts (Blei and Lafferty, 2007). The CTM treats input texts as collections of words, and assigns dif-

ferent topics to texts based on the frequency at which words appear using a variational Expectation-

Maximization (EM) algorithm. See Appendix Section C for a more detailed description of the

CTM and how it is estimated. When using the CTM, researchers need to select the optimal num-

ber of topics K for their model. Using cross-validation, we search over a range of possible num-

ber of latent topics (K ∈ {2, ..., 20}). The main trade-off in selecting K is between topic semantic

coherence, whether a topic represents a set of words that appear together frequently, and topic

exclusivity, whether the words under a topic are distinct from those in other topics. Based on

the metrics generated from testing a range of topic numbers K (Appendix Figure A3), we select

K = 5 topics to proceed with the CTM estimation.

The resulting topics from the CTM estimation are presented in Table 9. The model assigns

a score indicating the prevalence of each topic in a given text, and we consider a grant appli-

cation as discussing a given topic k if the prevalence score is above the 75th percentile. Based

on the most common words under each topic, it is clear that the grant narrative texts capture

what applicants perceive as the key motivations for the SROs, not necessarily the exact details

of their SRO program implementation. However, previous qualitative studies on SROs theorize

and describe associations between perceptions of SRO roles and how SRO programs are imple-

mented. To give an illustrating example, Fisher et al. (2022) find that SROs vary in terms of how

they perceive sources of threat (students vs. intruders). Using the methods outlined above, we

can construct sets of keywords that indicate whether SROs would be hired primarily to disci-

pline students or protect students from outsiders. For instance, schools in the former category

may be more likely to mention words such as “interpersonal” and “bullying,” while those in the

latter may be more likely to mention “shooter” and “outsider.” It is important to acknowledge

that though the grant narratives enrich our understanding of how the applicants intend to im-

plement their SRO programs, they do not perfectly predict what happens in reality. However, we
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believe the narrative data still provide useful information on SRO program heterogeneity.

Looking at Table 9, we find that the keywords associated with each model-estimated topic

represent distinct approaches to SRO programs. Topic 1 is focused on problems with student

behavior, such as fighting, truancy, and bullying, while topics 2 and 3 feature words associated

with responding to outside threats. Meanwhile, the keywords in topic 4 relate to how SROs could

form positive relationships with students, build trust, and work as role models. Finally, topic

5 address calls made to local law enforcement and potential budget constraints that prevent

officers from being assigned to patrol within or around schools.

7 How moderators explain treatment effect heterogeneity

We have shown evidence of treatment effect heterogeneity using the FH bounding distributions;

next, we consider how the moderators of interest described in Section 6.2 moderate the impact

of SRO hiring on student outcomes. To do so, we divide our analysis sample into subgroups

based on a binary measure of each moderator and estimate the ATT separately for the moder-

ator and comparison subgroups. We test the null of equal subgroup ATTs and construct 95%

confidence intervals using the Wild bootstrap. To estimate the subgroup ATTs for chronic absen-

teeism, which appears only in the 2013-14 the 2015-16 CRDCs, we use the 2014 and 2015 treat-

ment groups. We do not estimate subgroup ATTs for gun offenses and other offenses as these

outcomes appear only in the 2015-16 and 2017-18 CRDCs, and the 2016 treatment group has a

small sample size.

Table 11 contains the post-treatment ATT estimates by moderator. For suspensions, schools

whose agency’s grant narrative contained themes that focused on building community and trust

within schools (Topic 4) have a decrease of 0.855 per 100 students who experienced suspensions

while schools whose grant narrative did not include this theme have an increase of 1.297 per 100

students who experienced suspensions. Schools that had a grant narrative that focused on the

SRO’s traditional law enforcement responsibilities (Topic 5) similarly have a decrease in suspen-

sions (-0.317 per 100 students) while schools whose narratives did not include this theme have
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an increase (0.935 per 100 students). However, schools that focused on community have a much

larger decrease; one explanation may be that building positive relationships with students ei-

ther deters students from misbehavior through mentorship or reduces the use of exclusionary

discipline.

Next, we examine how moderators impacted expulsions. Schools whose agency’s grant

narrative contained themes that viewed threats to school safety as being internal (Topic 1) have

a decrease of 0.157 per 100 students who experienced expulsions while schools whose grant

narrative did not include this theme have an increase of 0.074 per 100 students who experienced

expulsions. In comparison, schools that viewed threats to school safety as being external (Topic

3) have an increase of 0.159 per 100 students who experienced expulsions while schools that did

not hold such a view had a smaller increase of 0.027 per 100 students. One possible explana-

tion for these results is that schools whose SRO is focused on reducing within-school student

misbehavior may focus more on duties such as patrolling hallways that makes him more visible

to students, possibly deterring misbehavior. In terms of schools that view threats as external,

Topic 3 is associated with words about crime occurring outside the school, and these schools

may be more proactive in expelling students who are involved in criminal activity or having stu-

dents who are involved in external criminal activity in school may make it more likely that their

offenses are severe enough to warrant expulsion. Lastly, schools who had counselors had an

additional 0.122 per 100 students who were expelled compared to schools that did not have a

counselor.

For law enforcement actions, schools whose agency’s grant narrative contained themes

that focused on community (Topic 4) have a decrease of 0.373 per 100 students who experienced

law enforcement actions while schools whose grant narrative did not include this theme have

a smaller decrease of 0.106 per 100 students. Schools that had a grant narrative that focused

on law enforcement (Topic 5) also have a decrease of 0.406 per 100 students who experienced

law enforcement actions compared to a decrease of 0.135 per 100 students in schools whose

narratives did not include this theme. While the differences in ATTs is similar between Topics 4

and 5, schools that discussed the theme from Topic 5 had a larger decrease: it could be the case

that SROs in schools focused on traditional law enforcement responsibilities are more visible to
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students, which may have a deterrence effect on students. In addition, schools with a majority

of minority students had 0.218 per 100 less students who experienced law enforcement action

than schools with more mixed student demographics.

Looking at grade retention, schools that had a grant narrative that focused on law enforce-

ment (Topic 5) have an additional 0.363 per 100 students that retained a grade compared to

schools whose narratives did not include this theme. Schools with a majority of minority stu-

dents also have an additional 2.542 per 100 students that retained a grade than schools with

more mixed student demographics. This is an 88.0% increase from the pre-treatment mean.

These results may stem from differences in students’ sense of safety at school after SROs are sta-

tioned, which may impact their learning. Theriot and Orme (2015) find that black students felt

less safe at school when there was an SRO, which may explain the increase in grade retention

in majority minority schools. In addition, Curran et al. (2021) find that interactions with SROs

increased students’ sense of danger; it may be the case that in schools that focus on traditional

law enforcement responsibilities, the SRO is more visible to students and also interacts with stu-

dents more frequently.

Lastly, we consider chronic absenteeism. Schools that had a grant narrative that viewed

threats to school safety being internal (Topic 1) have a large decrease of 12.596 per 100 students

who were chronically absent compared to a decrease of 0.332 per 100 in schools whose grant

narrative did not contain this theme. We also see that schools that focused on community (Topic

4) have a large decrease of 10.402 per 100 students who were chronically absent compared to a

decrease of 0.747 per 100 in schools whose grant narrative did not contain this theme. These

results may be because schools that have the SRO focus on reducing internal threats such as

fighting or bullying or have the SRO build a sense of community and trust within school may

succeed in creating a better school environment for students, reducing the number of students

who are chronically absent. In line with the idea of creating a better environment for students,

we also see that schools with counselors have a decrease of 4.874 per 100 students who were

chronically absent while schools that did not have a decrease of 2.488 per 100.
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8 Conclusion

In this paper, we explore treatment effect heterogeneity in SRO hiring on school disciplinary and

academic outcomes and examine how the variation in treatment effects can be explained by SRO

program and school contexts. Following the framework in Callaway and Sant’Anna (2021), we

use a staggered difference-in-differences design that leverages a federal grant for SRO hiring and

compares schools that received the grant against schools that applied but did not receive the

grant. We estimate mean effects that corroborate findings in past works about violent offenses,

male students, and students with disabilities (Weisburst, 2019; Sorensen et al., 2021, 2023) al-

though we differ in finding decreases in law enforcement actions.

Using classical statistical bounds called FH bounds, we identify the bounds on the vari-

ance of the distribution of treatment effects and test the null hypothesis of a common treatment

effect across schools. This is done by estimating the counterfactual distribution of the treated

group using the change over time in the control group, following the Changes-in-Changes method

(Athey and Imbens, 2006). We find evidence of meaningful treatment effect heterogeneity at a

p-value < 0.001 for suspensions and grade retention in schools treated in 2013 and 2014, and

for expulsions and law enforcement actions in schools treated in 2013. Then, having established

there is treatment effect heterogeneity to dig into, we use novel grant narrative data and observ-

able school characteristics to proxy for the variation in program and school contexts. We esti-

mate the treatment effect separately for schools that were associated with a given moderator and

for schools that were not to examine how these moderators mediate the effect of SRO hiring. We

find program and school context do explain aspects of observed treatment effect heterogeneity.

Our paper contributes to the existing literature on the impact of SROs on student dis-

cipline by systematically examining the treatment effect heterogeneity in SRO hiring and how

student outcomes are impacted as a result. Our findings can help policymakers better under-

stand what SRO program and school contexts may have a magnifying or dampening effect on

the impact of SROs, which may help inform future efforts on minimizing the role that SROs may

play in facilitating student exposure to the criminal justice system.
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Tables

Table 1: Summary statistics of main analysis sample by treatment status

Never applied Applied but
not awarded

Awarded Difference P-value

Outcomes per 100 students (winsorized)
Suspensions 11.59 11.77 15.77 4.00 0.00

(14.98) (15.83) (20.80)

Expulsions 0.21 0.17 0.10 -0.07 0.00

(0.86) (0.71) (0.53)

Law enforcement actions 0.55 0.48 0.93 0.45 0.00

(1.66) (1.38) (1.89)

Chronic absenteeism 12.37 12.80 14.69 1.89 0.00

(11.58) (10.32) (10.31)

Grade retention 2.21 2.82 3.29 0.47 0.00

(3.43) (6.36) (5.87)

Gun offenses 0.02 0.02 0.01 -0.01 0.00

(0.20) (0.13) (0.08)

Other offenses 1.97 1.72 2.79 1.08 0.00

(5.26) (3.99) (6.11)

Student characteristics
Prop. Male 0.52 0.52 0.52 0.00 0.25

(0.05) (0.05) (0.06)

Prop. White 0.63 0.55 0.46 -0.09 0.00

(0.31) (0.32) (0.28)

Prop. Black 0.14 0.18 0.22 0.05 0.00

(0.23) (0.24) (0.24)

Prop. Hispanic 0.15 0.19 0.23 0.04 0.00

(0.22) (0.25) (0.22)

Prop. Other race 0.08 0.08 0.08 0.00 0.05

(0.10) (0.08) (0.09)

Prop. Disabled 0.15 0.14 0.16 0.01 0.00

(0.11) (0.10) (0.13)

Prop. LEP 0.07 0.09 0.10 0.02 0.00

(0.12) (0.14) (0.13)

Prop. Free or reduced price lunch 0.49 0.50 0.59 0.09 0.00

(0.26) (0.27) (0.25)

Student enrollment 528.56 626.59 696.42 69.83 0.00

(403.18) (425.07) (485.92)

Teacher-to-pupil ratio 15.44 16.20 16.06 -0.14 0.34

(6.86) (5.54) (7.97)

N 52,249 8,118 2,468

31



Never applied Applied but
not awarded

Awarded Difference P-value

School characteristics
Elementary school 0.62 0.66 0.67 0.00 0.66

(0.49) (0.47) (0.47)

Middle school 0.31 0.27 0.25 -0.02 0.06

(0.46) (0.44) (0.43)

High school 0.23 0.17 0.18 0.00 0.82

(0.42) (0.38) (0.38)

Urban location 0.20 0.21 0.34 0.13 0.00

(0.40) (0.41) (0.48)

Suburban location 0.27 0.39 0.38 -0.02 0.13

(0.44) (0.49) (0.48)

Town location 0.15 0.12 0.10 -0.02 0.01

(0.35) (0.33) (0.30)

Rural location 0.38 0.28 0.18 -0.10 0.00

(0.49) (0.45) (0.38)

Northeast region 0.18 0.13 0.05 -0.08 0.00

(0.38) (0.33) (0.22)

South region 0.36 0.59 0.68 0.09 0.00

(0.48) (0.49) (0.47)

Midwest region 0.36 0.19 0.18 -0.01 0.45

(0.48) (0.39) (0.39)

West region 0.10 0.10 0.09 -0.01 0.13

(0.31) (0.30) (0.28)

School staff
Has counselor 0.91 0.91 0.87 -0.04 0.02

(0.29) (0.29) (0.34)

N 52,249 8,118 2,468

Notes: Columns 1, 2, and 3 contain the unweighted mean and standard deviation for schools that never applied for
the CHP grant between 2013 and 2016, schools that applied but did not receive the CHP award and the schools that
applied for and received the CHP award, respectively. Column 4 is the difference between the means of schools that
applied for the grant but did not receive it and schools that received the grant and Column 5 presents the p-value
from a t-test of the null of equal population means. Chronic absenteeism and whether the school has an SRO were
measured from the 2013-14 CRDC; gun offenses and other offenses were measured from the 2015-16 CRDC as these
questions were not asked in earlier waves; all other variables are measured from the 2011-12 CRDC. All outcomes are
winsorized at the 99th percentile and are normalized per 100 students.
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Table 2: Treatment group by CHP grant application year

No CHP award CHP award
N schools Prop. schools N schools Prop. schools

2013 4,586 0.56 1,034 0.42
2014 1,035 0.13 1,198 0.49
2015 1,221 0.15 179 0.07
2016 1,276 0.16 57 0.02

Total 8,118 2,468

Notes: Schools in the “No CHP Award” group are those in the “never treated” group.
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Table 3: Pre-treatment means of student outcomes

Suspensions Expulsions Law
enforcement

actions

Chronic
absenteeism

Grade
retention

Gun offenses Other
offenses

Overall 12.787 0.148 0.578 13.278 2.890 0.019 1.974

(17.531) (0.654) (1.511) (10.329) (5.924) (0.136) (4.716)

Male 9.317 0.113 0.424 7.505 1.860 - -

(13.128) (0.530) (1.148) (7.724) (4.690) - -

Female 4.112 0.039 0.172 6.935 1.305 - -

(7.585) (0.261) (0.628) (7.090) (4.120) - -

Black 5.054 0.053 0.184 2.773 1.678 - -

(11.211) (0.342) (0.703) (5.833) (4.591) - -

Hispanic 2.777 0.024 0.136 3.029 1.540 - -

(7.273) (0.216) (0.616) (4.761) (5.099) - -

Other 0.823 0.011 0.040 1.133 0.442 - -

(2.367) (0.105) (0.250) (2.138) (1.590) - -

White 4.842 0.067 0.237 6.486 2.134 - -

(8.435) (0.406) (0.845) (6.975) (4.981) - -

Has disability status 3.425 0.037 0.177 3.074 0.722 - -

(6.389) (0.308) (0.708) (4.938) (2.227) - -

No disability status 10.033 0.117 0.419 10.272 2.275 - -

(15.159) (0.555) (1.167) (8.384) (5.363) - -

Has LEP status 0.703 0.006 0.037 1.082 0.070 - -

(2.297) (0.063) (0.264) (2.117) (0.299) - -

No LEP status 12.402 0.142 0.548 12.229 2.829 - -

(17.631) (0.642) (1.466) (9.971) (5.912) - -

Notes: This table presents the mean outcome in the pre-treatment period for all schools in our sample. Standard deviations are reported in the parentheses.
The means are measured from the 2013-14 school year for chronic absenteeism, 2015-16 school year for gun and other offenses, and 2011-12 for the remaining
outcomes. All outcomes are defined as counts per 100 students and are winsorized at the 99th percentile.
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Table 4: Post-treatment ATT estimates for student disciplinary outcomes

Suspensions Expulsions Law enforcement actions

Overall 0.429 0.058 −0.186

[-1.240, 2.098] [-0.015, 0.130] [-0.365, -0.006]

Male 0.326 0.047 −0.135

[-0.995, 1.647] [-0.004, 0.098] [-0.259, -0.012]

Female 0.208 0.017 −0.054

[-0.366, 0.782] [-0.009, 0.042] [-0.125, 0.017]

Black 0.454 0.025 −0.062

[-0.524, 1.432] [-0.011, 0.061] [-0.134, 0.010]

Hispanic 0.212 0.008 −0.084

[-0.311, 0.735] [-0.010, 0.026] [-0.182, 0.014]

Other −0.052 0.014 −0.025

[-0.309, 0.205] [-0.001, 0.029] [-0.072, 0.021]

White 0.106 0.020 −0.019

[-0.536, 0.747] [-0.008, 0.048] [-0.074, 0.036]

Has disability status 0.134 0.016 −0.069

[-0.510, 0.778] [-0.005, 0.037] [-0.136, -0.003]

No disability status 0.514 0.046 −0.121

[-0.906, 1.933] [-0.013, 0.106] [-0.256, 0.013]

Has LEP status 0.032 0.003 −0.027

[-0.122, 0.187] [-0.002, 0.007] [-0.061, 0.008]

No LEP status 0.462 0.055 −0.161

[-1.196, 2.120] [-0.015, 0.124] [-0.319, -0.002]

Notes: This table presents the aggregate post-treatment ATT estimates for each student disciplinary out-

come for all treated schools. All outcomes are defined as counts per 100 students and are winsorized at

the 99th percentile. The 95% confidence intervals are reported in brackets. The standard errors are esti-

mated using Wild bootstrap and clustered at the school district level.
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Table 5: Post-treatment ATT estimates for other student outcomes

Absenteeism Grade Retention Gun Offenses Other Offenses

Overall -2.495 -0.212 -0.005 -1.506

[-7.056, 2.065] [-0.927, 0.503] [-0.032, 0.022] [-2.224, -0.789]

Male -1.369 0.572 - -

[-3.935, 1.197] [-1.233, 2.378] - -

Female -1.334 0.594 - -

[-3.835, 1.167] [-1.202, 2.390] - -

Black -1.264 0.263 - -

[-3.969, 1.442] [-0.434, 0.959] - -

Hispanic -0.608 0.702 - -

[-2.117, 0.900] [-1.316, 2.721] - -

Other -0.085 0.108 - -

[-0.351, 0.181] [-0.402, 0.618] - -

White -0.529 0.552 - -

[-1.273, 0.215] [-0.795, 1.898] - -

Has disability status -0.468 0.194 - -

[-1.341, 0.405] [-0.330, 0.717] - -

No disability status -2.000 0.615 - -

[-5.936, 1.936] [-1.324, 2.554] - -

Has LEP status 0.083 -0.048 - -

[-0.248, 0.414] [-0.194, 0.099] - -

No LEP status -2.584 0.676 - -

[-7.095, 1.927] [-1.268, 2.619] - -

Notes: This table presents the aggregate post-treatment ATT estimates for other student outcomes for all treated
schools. All outcomes are defined as counts per 100 students and are winsorized at the 99th percentile. The 95%
confidence intervals are reported in brackets. The standard errors are estimated using Wild bootstrap and clustered
at the school district level. Note that for chronic absenteeism, data is only available for the 2013-14 and 2015-16
school years and so only schools treated in 2014 and 2015 are compared against the never treated group. For gun and
other offenses, data is only available for the 2015-16 and 2017-18 school years and so, only schools treated in 2016 are
compared against the never treated group.
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Table 6: Fréchet-Höffding (FH) bounds

2013 treatment group 2014 treatment group

Rank preservation Rank inversion Rank preservation Rank inversion

Suspensions (per 100 students) (1) (2) (3) (4)

5th 0.000 54.068 0.000 30.820

[0.000,0.000] [41.940,64.332] [0.000,0.000] [24.707,38.376]

25th 0.968 18.238 -0.085 10.520

[0.600,1.480] [12.854,23.112] [-0.231,0.027] [8.737,13.014]

50th 2.610 2.610 0.070 0.070

[1.763,3.442] [1.763,3.442] [-0.043,0.521] [-0.043,0.521]

75th 8.672 -8.599 0.523 -10.082

[6.311,11.208] [-10.974,-5.800] [0.341,1.660] [-11.605,-8.083]

95th 26.537 -27.531 4.278 -26.541

[19.374,32.740] [-31.719,-22.964] [2.122,7.520] [-30.780,-21.853]

Outcome Correlation 0.997 -0.532 0.995 -0.593

[0.991,0.999] [-0.609,-0.460] [0.992,0.999] [-0.657,-0.545]

Impact Standard Deviation 8.962 23.719 1.923 16.470

[7.212,10.833] [19.510,27.598] [1.036,2.864] [13.771,19.054]

Fraction Positive 0.909 0.576 0.677 0.505

[0.869,0.939] [0.556,0.596] [0.556,0.747] [0.495,0.515]

Fraction Negative 0.000 0.424 0.242 0.495

[0.000,0.000] [0.404,0.444] [0.172,0.364] [0.485,0.505]

Fraction Zero 0.091 0.000 0.081 0.000

[0.061,0.131] [0.000,0.000] [0.061,0.101] [0.000,0.000]

Expulsions (per 100 students) (1) (2) (3) (4)

5th 0.000 0.642 0.000 0.085

[0.000,0.000] [0.250,1.260] [0.000,0.000] [0.000,0.428]

25th 0.000 0.000 0.000 0.000

[0.000,0.000] [0.000,0.000] [0.000,0.000] [0.000,0.000]

50th 0.000 0.000 0.000 0.000

[0.000,0.000] [0.000,0.000] [0.000,0.000] [0.000,0.000]

75th 0.000 0.000 0.000 0.000

[0.000,0.000] [0.000,0.000] [0.000,0.000] [0.000,0.000]

95th 0.157 -0.485 -0.052 -0.137

[0.018,0.466] [-0.795,-0.227] [-0.137,0.064] [-0.416,-0.094]

Outcome Correlation 0.992 -0.072 0.972 -0.046

[0.977,0.996] [-0.107,-0.042] [0.861,0.993] [-0.077,-0.026]

Impact Standard Deviation 0.144 0.408 0.021 0.130

[0.076,0.257] [0.256,0.595] [0.019,0.044] [0.061,0.322]

Fraction Positive 0.091 0.111 0.030 0.051

[0.051,0.141] [0.066,0.162] [0.000,0.071] [0.020,0.091]

Fraction Negative 0.020 0.111 0.051 0.081

[0.000,0.040] [0.066,0.162] [0.030,0.091] [0.051,0.121]

Fraction Zero 0.889 0.778 0.919 0.869

[0.838,0.939] [0.677,0.869] [0.879,0.949] [0.788,0.929]
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2013 treatment group 2014 treatment group

Rank preservation Rank inversion Rank preservation Rank inversion

LE actions (per 100 students) (1) (2) (3) (4)

5th 0.000 3.577 0.000 3.782

[0.000,0.000] [2.410,4.812] [0.000,0.000] [3.142,4.545]

25th 0.000 0.506 0.000 1.076

[0.000,0.000] [0.000,0.950] [0.000,0.000] [0.761,1.313]

50th 0.000 0.000 -0.054 -0.054

[0.000,0.000] [0.000,0.000] [-0.120,0.000] [-0.120,0.000]

75th 0.142 -0.365 -0.191 -1.267

[-0.010,0.349] [-0.626,0.000] [-0.298,-0.007] [-1.444,-0.902]

95th 1.417 -2.160 0.406 -3.376

[0.765,2.091] [-2.913,-1.553] [0.294,0.656] [-3.972,-2.673]

Outcome Correlation 0.994 -0.197 0.991 -0.438

[0.985,0.999] [-0.277,-0.142] [0.954,0.995] [-0.519,-0.256]

Impact Standard Deviation 0.607 1.738 0.206 2.026

[0.349,0.907] [1.141,2.360] [0.162,0.575] [1.752,2.473]

Fraction Positive 0.313 0.323 0.111 0.485

[0.212,0.414] [0.227,0.424] [0.081,0.242] [0.384,0.495]

Fraction Negative 0.010 0.323 0.414 0.515

[0.000,0.030] [0.232,0.424] [0.263,0.505] [0.384,0.525]

Fraction Zero 0.677 0.354 0.475 0.000

[0.576,0.768] [0.152,0.540] [0.384,0.616] [0.000,0.232]

Grade retention (per 100 students) (1) (2) (3) (4)

5th 0.000 8.000 0.000 10.511

[0.000,0.000] [6.486,9.016] [0.000,0.000] [9.148,11.272]

25th -0.006 2.677 0.231 4.681

[-0.041,0.119] [1.702,3.327] [-0.004,0.429] [4.008,5.285]

50th 0.183 0.183 0.802 0.802

[0.075,0.259] [0.075,0.259] [0.384,0.906] [0.384,0.906]

75th 0.541 -2.142 1.245 -3.205

[0.319,0.717] [-2.607,-1.374] [1.029,1.408] [-3.890,-2.553]

95th 2.208 -5.792 2.594 -7.917

[1.636,2.760] [-6.853,-4.808] [2.113,3.115] [-8.635,-6.933]

Outcome Correlation 0.998 -0.531 0.999 -0.773

[0.989,0.999] [-0.657,-0.390] [0.994,1.000] [-0.850,-0.589]

Impact Standard Deviation 0.709 3.944 0.892 5.680

[0.602,0.988] [3.243,4.711] [0.748,1.036] [4.934,6.057]

Fraction Positive 0.727 0.525 0.838 0.545

[0.616,0.808] [0.515,0.535] [0.616,0.919] [0.525,0.566]

Fraction Negative 0.030 0.475 0.010 0.455

[0.020,0.051] [0.465,0.485] [0.000,0.040] [0.434,0.475]

Fraction Zero 0.242 0.000 0.152 0.000

[0.162,0.343] [0.000,0.000] [0.071,0.359] [0.000,0.000]

Notes: Columns 1 and 3 contain results estimated under rank preservation, or when percentiles of the treated distribution are
matched to corresponding percentiles of the comparison distribution (i.e. 5th percentile of the treated distribution matched to 5th
percentile of the comparison distribution). Columns 2 and 4 contains results estimated under rank inversion, or when percentiles
of the treated distribution are matched to the inverse percentile of the comparison distribution (i.e. 5th percentile of the treated
distribution matched to 95th percentile of the comparison distribution). Bootstrapped 95% confidence intervals (using 1,000 repli-
cations) are in brackets. 38



Table 7: Simulated cutoff values for the test of the null of a common treatment effect

Cutoff value for

P-value Suspensions Expulsions LE action Grade retention

Panel A: 2013 treatment group

0.001 1.933 0.108 0.252 0.405

0.010 1.535 0.089 0.217 0.343

0.050 1.206 0.068 0.182 0.275

0.100 1.070 0.060 0.159 0.249

0.200 0.918 0.050 0.136 0.211

0.300 0.839 0.044 0.121 0.190

0.400 0.768 0.040 0.110 0.173

0.500 0.704 0.036 0.098 0.158

Panel B: 2014 treatment group

0.001 1.474 0.105 0.623 0.626

0.010 1.139 0.088 0.476 0.474

0.050 0.949 0.065 0.218 0.394

0.100 0.831 0.058 0.164 0.370

0.200 0.716 0.048 0.134 0.331

0.300 0.640 0.036 0.117 0.301

0.400 0.585 0.030 0.108 0.241

0.500 0.544 0.025 0.095 0.217

Notes: This table contains cutoff values that correspond to p-values. The values are estimated
using the method outlined in Appendix E of Heckman et al. (1997), which involves drawing
observations from the control group to construct a faux treatment group and then estimat-
ing the impact standard deviation. As draws are made from the control group, the expected
impact standard deviation is 0. The distribution of the impact standard deviation from 1,000
draws is then used to construct the cutoff values. Panel A contains values constructed using
the 2013 treatment group and Panel B contains values for the 2014 treatment group.
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Table 8: Moderators of interest

Category Moderator How it will be measured

Program context Topic 1 (internal threat) Text analysis using CHP grant narrative
data (see Section 6.3)

Topic 2 (external threat) Same as above

Topic 3 (external threat) Same as above

Topic 4 (focused on com-
munity)

Same as above

Topic 5 (focused on law
enforcement)

Same as above

Student demographics Majority black/Hispanic 75%+ of students are black or Hispanic

Majority white 75%+ of students are white

School staff Any counselors School has a counselor

Notes: This table lists the moderators of interest and how they are measured.

Table 9: Grant narrative topics from CTM

Topic Theme Top associated words Median prevalence

1 Internal threat fight, assault, truancy, abuse, violent, report,
bullying

0.13

2 External threat plan, administrator, meeting, inform, emer-
gency, security, staff

0.17

3 External threat crime, prevent, address, awareness, conflict,
expand, problem

0.15

4 Focused on
community

positive, relationship, trust, commit, inter-
act, model, communities

0.18

5 Focused on law
enforcement

call, patrol, deputies, assign, budget, loca-
tion, full

0.16

Notes: This table shows the topics generated by the Correlated Topic Model (CTM) trained on CHP applicant narrative

responses to the prompt “description of problem/focus area.” The “top associated words” column presents some of

the most common vocabulary classified into each topic, and the column “median prevalence” shows the median

prevalence score of each topic across all the applicant narratives. For instance, the prevalence score of topic 1 is

defined as the proportion of words in a given text that fall under topic 1.
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Table 10: Proportion of schools in each moderator subgroup by CHP award status

No CHP award CHP award

Program context

Topic 1 (internal threat) 0.18 0.26

Topic 2 (external threat) 0.26 0.20

Topic 3 (external threat) 0.25 0.22

Topic 4 (focused on community) 0.30 0.31

Topic 5 (focused on LE) 0.23 0.25

Student demographics

Majority minority students 0.31 0.26

Majority white students 0.47 0.25

School staff

Any counselors 0.17 0.16

N 8,111 2,466

Notes: This table shows the proportion of schools in the analysis sample that belong to the
moderator subgroup, which is determined by using binary measures of the moderators of in-
terest. Table 9 contains further information about each narrative topic and Section 6.3 further
details how these narrative topics were determined using the CHP grant narrative data. Stu-
dent demographics and presence of counselors is measured using the CRDC.
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Table 11: Post-treatment ATT estimates: By moderators

Suspensions Expulsions

Moderator ATT Comparison ATT Diff in ATT Moderator ATT Comparison ATT Diff in ATT

(1) (2) (3) (1) (2) (3)

Program context
Topic 1 (internal threat) 1.489 0.871 0.618 -0.157 0.074 -0.230

[-0.367, 3.346] [0.324, 1.418] [-1.078, 2.315] [-0.272, -0.041] [0.048, 0.099] [-0.343, -0.117]

Topic 2 (external threat) 1.691 0.656 1.035 0.031 0.067 -0.036

[0.296, 3.086] [0.088, 1.225] [-0.301, 2.372] [-0.049, 0.111] [0.041, 0.093] [-0.113, 0.041]

Topic 3 (external threat) -0.474 0.568 -1.042 0.159 0.027 0.132

[-1.601, 0.653] [0.075, 1.061] [-2.025, -0.059] [0.074, 0.245] [0.007, 0.047] [0.062, 0.203]

Topic 4 (focused on community) -0.855 1.297 -2.152 0.066 0.055 0.011

[-1.635, -0.075] [0.602, 1.992] [-3.530, -0.774] [0.023, 0.110] [0.020, 0.090] [-0.065, 0.087]

Topic 5 (focused on LE) -0.317 0.935 -1.253 0.105 0.055 0.050

[-1.400, 0.766] [0.390, 1.481] [-2.414, -0.091] [0.053, 0.157] [0.023, 0.086] [-0.024, 0.124]

Student demographics
Majority minority students 1.347 0.966 0.381 0.046 0.082 -0.035

[0.008, 2.687] [0.159, 1.774] [-1.161, 1.923] [-0.010, 0.103] [0.032, 0.132] [-0.157, 0.086]

Majority white students 0.134 0.966 -0.832 0.038 0.082 -0.044

[-0.436, 0.704] [0.159, 1.774] [-1.897, 0.233] [0.000, 0.076] [0.032, 0.132] [-0.108, 0.021]

School staff
Any counselors 0.471 0.756 -0.285 0.167 0.044 0.122

[-1.232, 2.175] [0.285, 1.227] [-1.178, 0.609] [0.071, 0.262] [0.020, 0.069] [0.057, 0.187]
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Law enforcement actions Grade retention

Moderator ATT Comparison ATT Diff in ATT Moderator ATT Comparison ATT Diff in ATT

(1) (2) (3) (1) (2) (3)

Program context
Topic 1 (internal threat) -0.046 -0.135 0.089 0.169 0.300 -0.131

[-0.232, 0.140] [-0.202, -0.068] [-0.058, 0.235] [-0.281, 0.619] [0.109, 0.490] [-0.550, 0.288]

Topic 2 (external threat) 0.001 -0.221 0.222 -0.185 0.842 -1.027

[-0.130, 0.132] [-0.292, -0.150] [0.076, 0.367] [-0.438, 0.068] [0.557, 1.126] [-1.521, -0.532]

Topic 3 (external threat) -0.009 -0.220 0.211 0.366 0.650 -0.283

[-0.156, 0.137] [-0.290, -0.151] [0.082, 0.340] [0.105, 0.627] [0.372, 0.927] [-0.703, 0.136]

Topic 4 (focused on community) -0.373 -0.106 -0.267 0.210 0.300 -0.090

[-0.477, -0.270] [-0.186, -0.026] [-0.414, -0.120] [-0.009, 0.429] [0.074, 0.525] [-0.522, 0.343]

Topic 5 (focused on LE) -0.406 -0.135 -0.270 0.511 0.148 0.363

[-0.576, -0.235] [-0.199, -0.072] [-0.412, -0.129] [0.115, 0.907] [0.018, 0.279] [0.034, 0.692]

Student demographics
Majority minority students -0.374 -0.156 -0.218 2.904 0.362 2.542

[-0.531, -0.216] [-0.244, -0.068] [-0.406, -0.030] [1.493, 4.315] [0.143, 0.581] [1.684, 3.400]

Majority white students 0.027 -0.156 0.183 -0.096 0.362 -0.457

[-0.062, 0.117] [-0.244, -0.068] [0.053, 0.314] [-0.289, 0.098] [0.143, 0.581] [-0.781, -0.134]

School staff
Any counselors -0.112 -0.185 0.073 0.272 0.597 -0.325

[-0.311, 0.087] [-0.245, -0.125] [-0.053, 0.199] [-0.201, 0.745] [0.375, 0.820] [-0.703, 0.053]
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Chronic absenteeism

Moderator ATT Comparison ATT Diff in ATT

(1) (2) (3)

Program context
Topic 1 (internal threat) -12.596 -0.332 -12.264

[-15.546, -9.646] [-1.044, 0.380] [-15.652, -8.876]

Topic 2 (external threat) -0.575 -4.750 4.175

[-1.946, 0.796] [-5.860, -3.639] [1.633, 6.716]

Topic 3 (external threat) 0.016 -3.393 3.408

[-1.868, 1.900] [-4.238, -2.547] [1.228, 5.588]

Topic 4 (focused on community) -10.402 -0.747 -9.655

[-12.796, -8.008] [-1.513, 0.018] [-12.303, -7.006]

Topic 5 (focused on LE) -2.038 -3.653 1.616

[-3.909, -0.166] [-4.636, -2.671] [-0.539, 3.770]

Student demographics
Majority minority students -4.778 -1.824 -2.953

[-8.493, -1.063] [-2.821, -0.828] [-6.528, 0.621]

Majority white students -1.104 -1.824 0.721

[-2.372, 0.164] [-2.821, -0.828] [-0.671, 2.112]

School staff
Any counselors -4.874 -2.488 -2.386

[-7.251, -2.498] [-3.348, -1.629] [-3.837, -0.935]

Notes: Column 1 contains the ATT of schools who satisfied the binary measure of the moderator (moder-
ator ATT) and Column 2 contains the ATT of schools who did not (comparison ATT). ATTs were estimated
by dividing the analysis sample into two subgroups based on a binary measure of the moderator and es-
timating the ATT separately for the moderator and comparison subgroups. Column 3 is the difference
between the moderator ATT and the comparison ATT. 95% confidence intervals are constructed using
Wild bootstrap. To estimate the subgroup ATTs for chronic absenteeism, which appears only in the 2013-
14 the 2015-16 CRDCs, we use the 2014 and 2015 treatment groups. See Section 6.2 for additional details
about the moderators of interest.
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Figures

Figure 1: Dynamic ATT estimates, conditional on pre-treatment covariates

(a) Suspensions per 100 students (b) Expulsions per 100 students

(c) Law enforcement action per 100 students (d) Grade retention per 100 students

Notes: This figure shows the Average Treatment Effect on the Treated (ATT) estimates of receiving CHP
grant funding for SRO hiring on student outcome counts per 100 students. Estimation is implemented
separately for each combination of treatment group g and post-treatment year t, then aggregated by the
number of years of exposure to the treatment. The dynamic ATT estimates progress biennially, meaning
one- and two-year treatment effects are pooled together. The estimates are conditional on pre-treatment
school characteristics such as the proportion of enrolled students who are male, black, Hispanic, dis-
abled, have Limited English Proficiency (LEP), receiving free or reduced price lunch; school level (ele-
mentary, middle, or high); school locale (urban, suburban, town, or rural); and school region (Northeast,
South, Midwest, West). Standard errors are clustered at the school district level and estimated by Wild
bootstrap.
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Figure 2: Observed and counterfactual cumulative distribution of the 2014 treatment group

(a) Suspensions per 100 students (b) Expulsions per 100 students

(c) Law enforcement action per 100 students (d) Grade retention per 100 students

Notes: This figure shows the observed post-treatment cumulative distribution of the 2014 treatment
group and the counterfactual cumulative distribution estimated using the Changes-in-Changes method
(Athey and Imbens, 2006). The outcomes are the average of outcomes across post-treatment time peri-
ods, which come from the 2015-16 and 2017-18 CRDC for the 2014 treatment group. The estimates are
conditional on pre-treatment school characteristics such as the proportion of enrolled students who are
male, black, Hispanic, disabled, have Limited English Proficiency (LEP), receiving free or reduced price
lunch; school level (elementary, middle, or high); school locale (urban, suburban, town, or rural); school
region (Northeast, South, Midwest, West); and the population size that the law enforcement agency serves
(more or less than 150,000).
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Appendix A Tables and Figures

Table A1: Summary statistics of raw outcomes by treatment status

Never applied Applied but
not awarded

Awarded Difference P-value

Outcomes per 100 students (raw)
Suspensions 11.92 12.14 16.69 4.54 0.00

(20.02) (16.83) (23.06)

Expulsions 0.22 0.21 0.09 -0.12 0.00

(1.30) (1.42) (0.46)

Formal law enforcement actions 0.55 0.48 0.92 -0.44 0.00

(1.65) (1.37) (1.87)

Chronic absenteeism 12.54 13.18 15.36 2.18 0.00

(12.53) (11.99) (11.82)

Grade retention 2.33 3.03 3.31 0.27 0.14

(4.75) (8.89) (6.79)

Gun offenses 0.02 0.02 0.02 -0.00 0.65

(0.31) (0.12) (0.12)

Other offenses 2.18 1.76 3.52 1.76 0.00

(15.10) (4.98) (26.46)

N 52,249 8,944 2,641

Notes: Column 1, 2, and 3 contain the unweighted variable mean and standard deviation for schools that never
applied for the CHP grant between 2013 and 2016, schools that applied but did not receive the CHP award and the
schools that applied for and received the CHP award, respectively. Column 4 is the difference between the variable
means of schools that applied for the grant but did not receive it and schools that received the grant and Column 5
presents the p-value from the t-test. The variable for chronic absenteeism was measured from the 2013-14 CRDC and
gun offenses and other offenseswere measured from the 2015-16 CRDC as these questions were not asked in earlier
waves; all other variables are measured from the 2011-12 CRDC. All outcomes are raw and are normalized per 100
students.

53



Table A2: Post-treatment ATT estimates by treatment group

Suspensions Expulsions Law
enforcement

actions

Chronic
absenteeism

Grade
retention

Gun offenses Other offenses

2013 0.904 0.071 -0.256 - 1.761 - -

[-2.152, 3.960] [-0.029, 0.172] [-0.560, 0.049] - [-2.399, 5.922] - -

2014 -0.369 0.029 -0.124 -3.531 -0.049 - -

[-1.609, 0.870] [-0.058, 0.117] [-0.361, 0.113] [-9.069, 2.006] [-0.949, 0.851] - -

2015 1.107 0.128 0.069 -1.466 0.128 - -

[-1.134, 3.348] [-0.071, 0.327] [-0.121, 0.259] [-6.767, 3.835] [-0.306, 0.561] - -

2016 0.467 0.248 0.090 - -0.823 -0.005 -1.511

[-1.136, 2.070] [0.066, 0.429] [-0.046, 0.226] - [-1.973, 0.327] [-0.030, 0.020] [-2.242, -0.781]

Notes: This table presents the aggregate post-treatment ATT estimates for each student disciplinary outcome for all treated schools, aggregated by
treatment group. Note that for chronic absenteeism, data is only available for the 2013-14 and 2015-16 school years and so only schools treated in 2014
and 2015 are compared against the never treated group. For gun and other offenses, data is only available for the 2015-16 and 2017-18 school years and
so, only schools treated in 2016 are compared against the never treated group. All outcomes are defined as counts per 100 students and are winsorized
at the 99th percentile. The 95% confidence intervals are reported in brackets. The standard errors are estimated using Wild bootstrap and clustered at
the school district level.

54



Figure A1: Dynamic ATT estimates, unconditional on pre-treatment covariates

(a) Suspensions per 100 students (b) Expulsions per 100 students

(c) Law enforcement action per 100 students (d) Grade retention per 100 students

Notes: This figure shows the Average Treatment Effect on the Treated (ATT) estimates of receiving CHP
grant funding for SRO hiring on student outcome counts per 100 students. Estimation is implemented
separately for each 2× 2 combination of treatment group g and year t, then aggregated by the number of
years of exposure to the treatment. The dynamic ATT estimates progress biennially, meaning one- and
two-year treatment effects are pooled together. The estimates are compared against the last year before
treatment. The estimates are unconditional on pre-treatment school characteristics. Standard errors are
clustered at the school district level and estimated by Wild bootstrap.
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Figure A2: Dynamic ATT estimates, unpooled and conditional on pre-treatment covariates

(a) Suspensions per 100 students (b) Expulsions per 100 students

(c) Law enforcement action per 100 students (d) Grade retention per 100 students

Notes: This figure shows the Average Treatment Effect on the Treated (ATT) estimates of receiving CHP
grant funding for SRO hiring on student outcome counts per 100 students. Estimation is implemented
separately for each 2 × 2 combination of treatment group g and year t, then aggregated by the number
of years of exposure to the treatment. The dynamic ATT estimates progress yearly, and treatment groups
from even treatment years are presented separately from treatment groups from odd treatment years.
The estimates are compared against the nearest pre-treatment year. The estimates are conditional on
pre-treatment school characteristics such as the proportion of enrolled students who are male, black,
Hispanic, disabled, have Limited English Proficiency (LEP), receiving free or reduced price lunch; school
level (elementary, middle, or high); school locale (urban, suburban, town, or rural); school region (North-
east, South, Midwest, West); and the population size that the law enforcement agency serves (more or less
than 150,000). Standard errors are clustered at the school district level and estimated by Wild bootstrap.
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Figure A3: Diagnostic Metrics from CTM with Various Topics (K)

Notes: This figure shows the trade off between topic semantic coherence and exclusivity as the number of topics K ranges from 2

to 20. Topic semantic coherence is a measure of whether topics contain words that frequently appear together, and exclusivity is

measure of how distinct the words under a topic are from words under other topics.
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Appendix B Data Appendix

B.1 Sample

To construct our analysis sample, we start with law enforcement agencies that applied for the

CHP grant for school-based policing between 2013 and 2016. We exclude agencies located in

U.S. territories, tribal agencies, agencies that only serve a post-secondary institution, and state

agencies. We also exclude agencies whose applications remained pending at the time we re-

ceived the data, withdrew their application, or declined the CHP grant award. As there are law

enforcement agencies that applied for the CHP grant more than once within our study period

(441 agencies, or 27.6% of our unique sample), this results in 1,596 grant applications, or 1,155

unique law enforcement agencies, that are included in our sample. To match these law enforce-

ment agencies to schools, we used the grant narrative data (the process is described in Appendix

Section B.3).

After linking law enforcement agencies to schools, we further narrow the sample at the

school level. First, we exclude alternative schools, which are schools designed to fulfill the needs

of students who are experiencing academic difficulties or discipline problems. Based on the

population of students that alternative schools serve, they may have more punitive discipline

policies or higher rates of student misbehavior than traditional public schools. We exclude 1,334

alternative schools. Second, we exclude 103 schools, which are juvenile justice programs, pre-K

schools, special education schools, and transitional schools. Lastly, we exclude 283 schools in

Hawaii from our sample due to suspected data entry errors. Specifically, the number of referrals

reported by schools in Hawaii in the 2013-14 CRDC was extremely large compared to the number

of referrals reported in the other CRDC survey years. One extreme example is a high school in

Hawaii that reported no referrals to the police in the 2011-12 CRDC, 509 in the 2013-14 CRDC,

22 in the 2015-16 CRDC, and 13 in the 2017-18 CRDC, but many schools reported referrals in the

hundreds in the 2013-14 CRDC compared to tens in all other CRDC survey years.
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B.2 Transforming outcomes

We topcode the outcomes in our study at the 99th percentile. We do this because each outcome

distribution contains a large number of zeros, ranging from 11.9% of the distribution for sus-

pensions to 90.3% of the distribution for school-based arrests, and an extended right tail, where

the minimum non-zero value ranges from 2 for expulsions and 12 for suspensions and the max-

imum non-zero value ranges from 483 for referrals and 2,773 for suspensions. This allows us to

smooth the more extreme non-zero values without removing too much of the variation in non-

zero values, which would occur if we topcoded at a lower percentile of the distribution. We also

topcode the outcomes that are disaggregated by student subgroups using the value at the 99th

percentile of the distribution of non-zero values of the aggregate outcome.

B.3 Matching law enforcement agencies to schools

To ensure that the treatment effect is estimated at the school level, we use the CHP grant nar-

rative data to identify the specific schools that would receive the SRO placement should the law

enforcement agency be awarded the grant. The grant narrative data are text responses to the fol-

lowing questions on the application: first, describe the problem the agency will address with the

grant funds and the agency’s approach to the problem; second, explain the agency’s inability to

address the need without federal assistance. While these prompts do not directly request infor-

mation about the schools that will be the beneficiaries of the grant, in the process of responding

to the questions, the majority of grant applicants either directly name the school that will re-

ceive the SRO placement or indirectly allude to the school (e.g. stating the SRO will be placed in

elementary schools within the district).

We begin by identifying the school district that the law enforcement agency has partnered

with. For the majority of applications, the agency directly names the local school district on

the list of partnering institutions. In cases in which no school district is listed as a partnering

institution, many of the grant narratives include the name of the district. Otherwise, we use the

city name of the law enforcement agency to identify the name of the local municipality (city,
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town, etc.), which is then used to identify the school districts located within or adjacent to that

municipality. This results in a fuzzier match between agencies and school districts than using

the grant narrative, but this is the case for a limited amount of grant applications.

To identify the individual schools, we read through the grant narratives for each applica-

tion and use a coding scheme to keep track of the following information: name of the school(s)

that will receive an SRO placement should the agency receive the grant; name of the school dis-

trict that currently has SROs provided by the agency; name of the school(s) that currently have

SROs provided by the agency; and the number of SROs currently working within the school dis-

trict. We also track whether the agency provided SROs to the schools or school district in the

past although not at the time of application; whether the grant narrative data directly states the

name of the school that will receive an SRO placement; and whether the grant narrative data

does not contain any school information. We also track information that we later use for sample

exclusion such as whether the agency is a tribal agency, a state agency, an agency located in U.S.

territories, or an agency serving a postsecondary institution.

In cases in which the grant narrative does not directly state the name of the school, they

still usually contain clues that can be used to identify the specific school. For example, some

narratives note that the SRO(s) will be placed in only the elementary schools in the district. Then,

we refer to the Common Core of Data from the 2013-14 school year to find the names of the

elementary schools in the given district. Another example is if the grant narrative states that

the grant will be used to place SRO(s) in elementary schools that currently do not have one. If

the narrative does not explicitly state the name of the schools that currently have an SRO, we

attempted to identify these schools by searching through local news sites or by looking through

Facebook pages of the given school district or law enforcement agency. If we were unable to

definitively identify the specific schools or if the grant narrative did not contain any information

about the school,
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Appendix C Grant Narrative Text Analysis

In this paper, we utilize text modeling algorithms to discover latent topics in the CHP grant ap-

plication narrative texts. In particular, we train a Correlated Topic Model (CTM) on applicants’

responses to the prompt, “please describe the selected problem/focus area that you wish to ad-

dress with COPS Office funding in 4,000 characters or less.”

Correlated Topic Models (CTM) are defined by several key features. First, they are mixed

membership models, which mean they assume a given text can embody multiple latent themes

(Blei and Lafferty, 2007). Second, building on the latent Dirichlet allocation (LDA) model (Blei

et al., 2003), CTMs consider each set of text as a collection of words (“bag of words”), and makes

inferences about the correlation between words and topics based on the frequency at which

words appear in the same text. Notably, this means CTMs do not account for the sequencing of

words. Finally, unlike their predecessor (LDA), CTMs capture more complexity in text data by

allowing the latent topics to be correlated.

Below, we define key components in the CTM and provide a brief summary of the model

estimation procedure, which utilizes variational expectation-maximization (VEM). In this pa-

per, we use the R package “stm” for the model estimation (Roberts et al., 2019). Following the

convention in the prior literature, we call an application a “document” indexed by d, and there

are K topics in the model (Blei and Lafferty, 2007; Roberts et al., 2019). The model parameters

are defined as follows: once the narrative data is prepared, we then estimate the CTM with the

following steps (Blei and Lafferty, 2007; Roberts et al., 2019).

1. Draw
−→
θd , a vector of topic prevalence in a document (i.e. application) from a log-normal

distribution. Topic prevalence is the proportion of words in a given document that are

classified under a particular topic. In practice, we draw ηd ∼ N (µ,Σ), and then let

θ =
exp(η)∑
i exp(ηi)

where µ is a K-length vector and Σ is a K by K covariance matrix (Blei and Lafferty, 2007).
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2. Define βk,w, a topic-specific distribution of word w, such that

βk,w =
exp(mw + κk,w)∑
w exp(mw + κk,w)

where m is the overall word distribution and κk captures how the distribution of word w

deviates for topic k. So, βk,w tells us how likely we are to observe each word in a document

that is classified under topic k.

3. For each word (indexed by n ∈ 1, ..., Nd) in document d:

• Draw the topic of word n in document d, zd,n ∼ Multinomial(
−→
θd).

• Conditional on the topic zd,n = k, we draw a word that is classified under the topic k,

wd,n ∼ Multinomial(βk,w).

We use the variational expectation-maximization algorithm to iteratively estimate the model

parameters until convergence. Since inference on the actual posterior distribution is intractable,

Blei and Lafferty (2007) propose using the variational Gaussian distribution. The E-step involves

updating variational posterior probabilities of model parameters λd and νd by minimizing the

Kullback-Leibler divergence between the variational and true posterior distributions. The M-

step involves maximizing the approximate evidence lower bound (ELBO) with respect to µ and

Σ. To establish the initial points of the model parameters for estimation, we use the spectral

decomposition method described in ?.

A key parameter that is set by the researcher is the number of topics, K. To set the num-

ber of topics, we use a data-driven approach by testing models with a range of different topic

numbers (K between 2 - 20). For each number of topics K, we randomly split the model in half,

train the model on half of the data, and then compute diagnostic measures on the held-out half

of the data. The results are summarized in Figure A3. We see that exclusivity (the likelihood

that words are exclusively associated with a topic) goes up as we increase the number of topics,

but semantic coherence (the likelihood that words classified in the same topic show up in the

same application) goes down. We choose K = 5, as that choice balances the trade-offs between

having many differentiated topics and topics that are coherent.
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It is important to note that we take several steps to prepare the narrative text data for anal-

ysis, following previous literature in natural language processing and text modeling. The main

goal of the data preparation is dimension reduction: we separate the sentences into words, re-

move punctuation and white-space, stem (only keeping root forms of words), remove common

vocabulary that are likely not informative (e.g. “the”, “a”, “and”), and remove rare vocabulary. The

final step is done in a data-driven manner; we plot the number of words and applications that

would be removed depending on our threshold for inclusion (i.e. across how many applications

must a given vocabulary word appear to be included). The key trade-off we make when setting

the threshold is between reducing noise and keeping sufficient variation in words between ap-

plications. We decide on a threshold of 90 applications (i.e. a word must have appeared in at

least 90 applications to be kept in the data set), which removes roughly 40% of the unique words

and leaves us with 105,137 unique words across all applications.
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