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ABSTRACT

Although ample research has focused on the identification of racial disparities in policing,
minimal research has focused on the remediation of those disparities once identified in police
agencies. To instigate evidence-based police reform, scholars must begin to consider both the
identification and remediation of racial disparities in policing. This dissertation provides a first
step in that direction by analyzing detailed data from the Chicago Police Department (CPD) from
2012 to 2015 through the use of innovative statistical models and quantitative techniques to
determine which police officers engaged in racially-disparate stop and arrest behavior after
accounting for when, where, and under what circumstances they conducted their daily police work.
Two sets of policy-relevant questions were then explored to better understand the viability of
evaluating actual policy interventions that seek to remediate disparities in policing. The first
question has its roots in diversification and seeks to understand whether officers from under-
represented identities in policing engage in more racially equitable police behavior than officers
with over-represented identities. The second question stems from situational crime prevention and
explores whether racially disparate police behavior is influenced by the presence (or lack of) of
situational opportunities to contact citizens with racial minority identities. Results showed that
racial disparities in stops and arrests were concentrated among 5% of the entire sample of CPD
officers. Officer demographics did not consistently predict whether an officer had engaged in
racially disparate behavior. Moreover, there was little evidence to suggest that officers from under-
represented racial and gender identities engaged in more (or less) racially equitable stops and
arrests when compared to their White and male colleagues. However, officers’ racially-disparate
behavior was influenced by situational factors related to where they work and who they work with.

The implications of these findings for future research and police reform are discussed in detail.
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CHAPTER 1: INTRODUCTION
Problem Statement

Policing in the United States is by nature a coercive process, involves immense discretion,
and is open to public scrutiny. Although democratic accountability is vital to functional
institutions, it can create ambiguous public expectations that generate goal conflict in police
agencies. The implications of this are felt by police officers on the front line, making their decisions
personally challenging and behavior publicly consequential. These consequences have been
historically salient for racially marginalized members of society.

Some have called for abolishing the police in hopes of mitigating these consequences and,
in doing so, eliminating the coercive nature of police work altogether (McDowell & Fernandez,
2018). Though with crime still a major concern, most Americans acknowledge a need for coercive
authority and simply desire a higher quality of policing, instead (Lum, 2021; McCarthy, 2022).
Some of the most popular reform proposals seek to elevate the quality of police services by
improving police-citizen relations in local communities (McCarthy, 2022). A prime example is the
early implementation of community policing strategies developed at the turn of the 1960s, such as
the Flint Foot Patrol Project (Trojanowicz, 1983). Community policing was a paradigm shift both
organizationally and socially for police agencies; designed to innovate police deployment
strategies in a way that builds police-citizen relations from the ground up and creates downstream
impacts on crime and fear of victimization (Reisig, 2010). Yet, even as well-intentioned as these
strategies were, scholars have consistently articulated that the design, practice, and reward
structure of policing in the U.S. has historically worked against these intentions for communities
of color—so0 much so that they perpetually feel over-policed and over-punished (Cobbina-Dungy,

2019; Jones-Brown, 2007; Sierra-Arévalo, 2021).



It bears noting that the feeling of being over-policed is not an isolated experience among
non-White Americans. Evidence consistently reveals racial disparities in police behavior across
studies and settings (Neil & Winship, 2019). The salience of racially-disparate policing is
magnified when considering its association with numerous public safety and public health-related
outcomes for people of color. For example, police force and misconduct are more likely to occur
in racially diverse communities (Hoekstra & Sloan, 2022; Terrill & Reisig, 2003). These disparate
police behaviors are historically associated with greater distrust among marginalized community
members (Kirk & Papachristos, 2011), which is linked to a reduced willingness to cooperate with
the police to solve crimes (Brunson & Wade, 2019; Tyler & Fagan, 2008). Racially-disparate
police contact is also associated with having worse mental and physical health among non-White
adults (Bor et al., 2018; Geller et al., 2014; Sewell & Jefferson, 2016), and poorer educational
performance among non-White youth (Ang, 2020; Legewie & Fagan, 2019). More generally,
racial disparities in lethal police force simply lead to a higher rate of lives lost at the hands of the
police among people of color (Wrigley-Field, 2020).

Research has dedicated considerable attention to identifying when racial inequalities in
police behavior arise in police agencies and what mechanisms enable it (Smith & Alpert, 2007,
Smith et al., 2006). Understanding what drives racially-disparate police behavior may help
agencies improve the quality of their police services and prevent unintended consequences for
people of color. This line of research continues to lead today’s police reform efforts as calls to
enhance police accountability (e.g., civilian review boards), training (e.g., cultural sensitivity), and
more drastic reform measures (e.g., defunding) pervade political discourse (McCarthy, 2022).

The problem is, however, less empirical research focuses on how to address racially-

disparate police behavior once identified in an agency. For example, diversification policies have



gained increased favor among the public in recent years given their correspondence with public
interest in the enhancement of police-citizen relations (McCarthy, 2022). Interventions focusing
specifically on racial diversification claim that enhancing an agency’s racial representation with
the public it serves can positively impact police-citizen interactions and calm growing public
concerns over race relations (Theobald & Haider-Markel, 2009; Weitzer, 2015). Yet, recent
empirical evidence providing support for racial diversification policies is limited (Ba et al., 2021;
Goncalves & Mello, 2021; Hoekstra & Sloan, 2022).

Other policies, such as gender diversification, share similar goals and have received
comparatively more empirical support over the years (Keiser et al., 2002; Meier & Nicholson-
Crotty, 2006). Unfortunately, there is insufficient research evidence indicating whether these
policy interventions effectively address racially-disparate police behavior. This is concerning
given the increasing demand for evidence-based policing and calls for data-driven police reform
(Ridgeway, 2018; Sherman, 2013), which indicates the need for more research that focuses on how
to identify and respond to racially-disparate police behavior. Conducting more policy-focused
research is thus critical to enhancing police legitimacy, police-citizen relations, and the public
health and safety of communities that are most impacted by racially-disparate policing.

Current Study

The current study seeks to advance research on racial disparities in policing by analyzing
data from police officer shift assignments, stops, and arrests in the Chicago Police Department
between 2012 and 2015. In so doing, this study aims to make three contributions to the literature.
The central contribution of this study is to provide an empirical assessment of racially-disparate
police behavior engaged by individual officers using highly detailed information about their patrol

assignments and activity. Most studies of racial disparity have been conducted at an aggregate



level with the assumption that such behavior is pervasive across the agency (Alpert, Smith, &
Dunham, 2004; Gelman et al., 2007; Smith et al., 2021); while others have explored disparities
between racial groups of officers in the aggregate (Ba et al., 2021). Yet, research has shown that
police officer misconduct can be concentrated among a few officers in the agency (Chalfin &
Kaplan, 2021; Christopher, 1991), and this can be true for racial disparities in traffic stop behavior
as well (Ridgeway & MacDonald, 2009). This parallels research on the etiology of criminal
offending, which has consistently shown that criminal behavior is concentrated among small
subsets of the U.S. population (Gottfredson & Hirschi, 1990; Wolfgang, Figlio, & Selling, 1972).

Failing to account for the potential concentration of racially-disparate police behavior may
lead to inaccurate conclusions about the extent and nature of its presence in an agency and generate
ineffective policy interventions that seek to address them. Despite these concerns, research has
been largely unsuccessful in capturing such information in empirical analyses (Neil & Winship,
2019). Accordingly, the first component of this study involves conducting an officer-level analysis
using methods proposed by Ridgeway and MacDonald (2009) to create “customized internal
benchmarks” for each officer in the agency. This will allow for the identification of which officers
(if any) have engaged in a pattern of racially-disparate police behavior.

Until now, most research on racial disparities in policing focuses on identification, not
remediation. As such, the second contribution of this study is to empirically test two sets of policy-
relevant questions based on policies aimed at addressing racially-disparate behavior. The first
policy-relevant question involves exploring whether officers with under-represented gender and
racial identities engage in more racially equitable enforcement behavior than their male and White
colleagues.

To answer this question, the following study draws on empirical evidence from previous



analyses to construct a dataset of at-risk officers for racially-disparate police behavior and
compares the proportion of stops and arrests involving Black citizens made by each of these
officers to those made by other officers in the agency who were not found to be at risk for engaging
in racially disparate behavior. While these direct comparisons generate a disparity estimate for
each at-risk officer, stops and arrests were matched similarly based on time, place, and context to
ensure estimates were as statistically unbiased as possible. To assess whether demographic factors
help explain differences in the racial equity of police behavior, stops and arrests made by not-at-
risk officers were subset by officer race and gender, to see if variation in disparity estimates
correspond systematically across racial and gender subsets.

The second policy-relevant question involves exploring whether the probability of an
officer engaging in racially disparate police behavior is associated with the racial composition of
the residential population within the police beat that they are working in on any given day. If
officers who were previously identified as being at an increased risk of engaging in racially-
disparate behavior have a lower chance of engaging in disparate behavior in police beats with
smaller concentrations of Black residents, this might suggest that their disparate behavior is
motivated in part by opportunities to contact them. Accordingly, evidence from these analyses will
provide critical insight into the growing evidence base on mechanisms by which agencies may or
may not solve their racial disparity problems.

Lastly, this study contributes to theory and practice by providing key insights into the
challenges of estimating racial disparities in police behavior while also demonstrating novel ways
to approach the situation when such data are available. In doing so, | provide new ways to estimate
the effectiveness of policy interventions and improve upon the tools that scholars have used to

estimate racial disparities so that they can be more transparent about the statistical certainty of



their findings.
Overview

The remainder of this dissertation is organized as follows. In Chapter 2, | begin by defining
racial discrimination and racial disparity in policing and use these working definitions to organize
a brief review of the etiology of each concept. | then document the evolving body of research that
explores how best to identify racial disparities in police behavior, paying particular attention to the
challenges to estimation and directions for future research. Next, | review the research on policy
interventions aimed at reducing racial disparities and discrimination in policing. | document the
barriers that police practitioners and scholars face when implementing and evaluating these
interventions. The chapter concludes with a presentation of the conceptual framework that lays the
foundation for the current study and its implications for the advancement of research on racial
disparities in policing.

Chapter 3 follows by describing the data sources, data cleaning, and empirical strategies
used in this study. In the first section, | outline each data source and how they were collected. The
next section discloses what data were omitted from the finalized datasets and why. Justifications
for the spatial level of analysis are provided as well. The final two sections outline the conceptual
framework this study uses to identify racial disparity among individual officers and how it
evaluates policy-relevant questions aimed at mitigating disparities when perpetuated by officers.

In Chapter 4, | describe the results from each step of the empirical strategy described above.
The first section reports the results of the officer-level analyses of racially-disparate police
behavior across stops and arrests. Before jumping into the policy questions, results will be reported
on the dynamics of those who engaged in disparate behavior, whether there were any relevant

predictors, and if the disparity for a given officer was consistent across stops and arrests. The next



section reports the results of some indirect evidence in favor of (or against) policy interventions
based on a set of policy-relevant questions identified from the literature.

Chapter 5 concludes with a summary of the main findings and contributions of this study.
Additionally, I describe the policy implications of these results while also acknowledging their
potential limitations. | then conclude with a discussion on the paths moving forward for future
researchers to follow, outlining how to build on this study, and how to extend racial disparity and

discrimination research more generally.



CHAPTER 2: LITERATURE REVIEW
Defining the Problem: Racial Disparities and Discrimination
There is ongoing debate as to how researchers should define racial discrimination in the
social sciences, which has important implications for the study of discrimination in policing.
According to the National Research Council (2004, p. 39-40), racial discrimination involves two
components:

(1) Differential treatment on the basis of race that disadvantages a racial group and (2)
treatment on the basis of inadequately justified factors other than race that
disadvantages a racial group (differential effect).

Quantitative researchers are primarily interested in the first component of this definition because
it allows them to empirically test the significance of civilians’ race for predicting variation in
police-citizen interaction-related outcomes. This is exemplified in Neil and Winship’s (2019)
annual review of tests of racial discrimination in policing, where they similarly define racial
discrimination as occurring when “...similarly situated individuals of different races are treated
differently” (p. 77).

Unlike the definitions above, | conceptualize racial discrimination in policing as involving
an individual officer engaging in differential behavior towards a racial group and having a
corresponding intent to do so (for similar conceptualizations, see Engel, 2008; Smith & Alpert,
2007; Tomaskovic-Devey, Mason, & Zingraff, 2004).! By accounting for individual officers’
intent, scholars can begin to consider reasonably justifiable situations where racial differences in
police behavior do not constitute discrimination. Indeed, the NAS (2018) describes the resulting

racial differences in these situations as racial disparities, which are objective differences in police

! Intent is defined as an officer’s willingness to treat a specific racial group differently than another racial group. The
underlying nature of the intent, whether it is explicit or implicit, will be discussed at length in a later section.
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behavior that correspond with civilian race but are not solely because of one’s race.

For example, racial disparities in an individual police officer’s behavior may be the result
of corresponding racial differences in criminal involvement and geographic differences in where
they are assigned to patrol (Tomaskovic-Devey et al., 2004). The fact that individual officers in
these situations do not harbor an intent to treat people of color differently provides them with a
reasonable justification for their actions and gives researchers important contextual information to
better understand when this behavior could lead to discrimination. By shifting the focus to
individual officers and accounting for context, | can more precisely determine when discrimination
is exemplified through police behavior.

Failing to acknowledge the dynamic nature of individual officer intent when trying to
understand racial differences in police behavior is not only a conceptual issue but also an empirical
one. For example, differences in police behavior may be the result of differences in the racial
composition of an offending population. If this is the case, officers’ intention to behave may be
morally sound, yet differences in their behavior remain. Acknowledging the conceptual distinction
between discrimination and disparities will thus assist in the identification of their respective
causes (Engel, 2008). While this sentiment underlies the motivations and criticisms on the validity
of tests of racial discrimination in policing, still much of the literature defines racial discrimination
as merely racially-disparate police behavior (Neil & Winship, 2019).

With a definition of racial disparity and racial discrimination established, the following
section provides a brief overview of the proposed causes of racially-disparate policing. Thereafter,
| discuss the proposed theoretical mechanisms that may generate a racially motivated intent behind
such behavior, making it discrimination. Organizing the literature in this manner ensures that the

causes of disparate police behavior are not confounded with what may uniquely contribute to racial



discrimination.
Proposed Causes of Racial Disparities in Policing
Macro-Level Explanations

Reviews on racial disparities in policing highlight six common causes, four of which focus
on macro-level processes and two of which focus on micro-level processes (see Braga et al., 2019;
NAS, 2018; Tomaskovic-Devey et al., 2004). Starting at a macro-level, one explanation is that the
historical overrepresentation of non-White Americans in criminal offending created corresponding
racial disparities in police encounters and arrests of non-White Americans (MacDonald et al.,
2001; Sampson & Lauritsen, 1997). However, racial differences in criminal offending are
concentrated primarily among the most serious offenses (see Braga et al., 2019).

For example, according to National Incident-Based Reporting System data from 2021,
Black or African Americans comprise 12% of the U.S. population in 2021, yet they make up 44%
of all known offenders involved in violent crimes and 12% of all known offenders involved in
property crimes. Accordingly, while Black or African Americans are overrepresented among
violent offenders relative to their racial composition in the U.S. population, they are equally
represented among property offenders.

A second macro-level explanation is that racial disparities in policing are due to differential
enforcement of crimes most likely to be committed by non-White Americans (Smith & Alpert,
2007; Tomaskovic-Devey et al., 2004). Police are more likely to enforce more serious offenses;
therefore, Black or African Americans would be overrepresented in police contacts due to their
differential participation in violent crime (NAS, 2018). This could be the case for other crime types
as well.

One popular example involves the differential enforcement of crack versus cocaine in the
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late 1980s and early 1990s. Drug arrest rates trended consistently across racial groups from the
1960s until the late 1980s, whereupon Black Americans were arrested at an increasingly disparate
rate compared to White Americans (Blumstein, 1993). At about the same time, the Anti-Drug
Abuse Act of 1988 created a 100:1 crack versus cocaine sentencing disparity that scholars have
argued ultimately encouraged law enforcement to target street drug crimes, such as crack, in open-
air markets, which were primarily facilitated by non-White Americans (Hagan, 2012). In contrast,
cocaine—a drug more commonly used among White middle- and upper-class Americans—was
less likely to be targeted by law enforcement given the lower consequences of possession and
because it was more likely to be sold in closed markets (Blumstein & Beck, 1999; Tonry, 2011).
Therefore, the differential enforcement of crack over cocaine could be a reason why racial
disparities in drug arrests among Black Americans were increasing during that time. More
generally, this suggests that racial disparities in police outcomes could be due to differential
enforcement of crimes committed more so by Black Americans. Importantly, this represents only
one example of differential enforcement as a result of differential criminal involvement—this may
not always be the case. Accordingly, other explanations are needed to explain racial disparities in
other criminal activities.

A third and related macro-level explanation is that many of the person-focused approaches
to policing, such as “pulling levers” strategies outlined in Project Safe Neighborhoods and
Ceasefire-inspired initiatives, differentially target high-activity offenders (NAS, 2018). Those
most likely to be targeted by these initiatives are non-White Americans due, in part, to their higher
rates of recidivism (Kubrin, Squires, & Stewart, 2007; Spohn & Holleran, 2002; Wehrman, 2010).
As a result, disparate police behavior may be due to an overrepresentation among non-White

Americans in the recidivist population, which is most likely to be targeted by proactive policing
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strategies that utilize person-focused approaches to crime reduction.

Drawing from the communities and crime literature, a macro- and meso-level explanation
suggests that community contexts may give rise to offending and racial disparities in police
behavior (Tomaskovic-Devey et al., 2004). Given the concentration of violence in predominantly
non-White and disadvantaged communities (Sampson et al., 1997), the amplified police presence
in these communities can create more opportunities for police contact with non-White residents.
The nature of these contacts is important as well. Residents from disadvantaged communities
generally have worse perceptions of the police, which is associated with a lower willingness to
work with them (Brunson & Wade, 2019; Tyler & Fagan, 2008). Police officers perceive people
in these communities as more dangerous and suspicious (Klinger, 1997; Smith & Alpert, 2007),
and perceive them to engage in more aggressive behavior (Rengifo & Fowler, 2016). Collectively,
this generates more tension during interactions with the police and can create racial disparities in
police use of force against people of color in disadvantaged and racially diverse communities (e.qg.,
Hoekstra & Sloan, 2022; Terrill & Reisig, 2003).

Micro-Level Explanations

Shifting attention to a more micro-level, two complimentary explanations for racial
disparities exist. In a sequence of two papers, the first by Smith and colleagues (2006) and the
second by Smith and Alpert (2007), the authors reject the idea that racial differences in police
behavior are due to race being at the forefront of officers’ minds. Instead, they contend that there
must be a non-volitional explanation for the disparate treatment of marginalized people (Smith &
Alpert, 2007, p. 1269).

Accordingly, in their first theoretical explanation of racial disparities in police behavior,

Smith et al. (2006) draw on Tomkin's (2008) script theory from cognitive psychology to develop
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their theory of differential suspicion. The social construction of suspicion in policing can, however,
more broadly be described by integrating insights from symbolic interactionism and cognitive
psychology. As such, these theoretical frameworks operate under the shared assumption that
officers are semi-autonomous agents with an immense latitude of discretion over whom to interact
with; and have the capacity to be influenced (albeit not entirely determined) by external forces.
Much of the literature until now has shown indirect support of this, either by suggesting that formal
rules only go so far in controlling officer behavior (Bittner, 1967), or by contending that officers
interpret rules, norms, and cultural expectations as they see fit in their working environment and
mete out their own bureaucratic policy (Crank, 1998; Lipsky, 1980).

How police officers operate in their working environments is dictated in no small part by
how they perceive information and learn how to interact in those environments. Outside the
academy, a critical path toward defining and refining suspicion is through officers’ interactions
with people. Officers must rely on perceived information to make judgments about people’s
morality and potential criminality to preserve safety and ‘maintain the edge’ over them (Muir,
1977; Van Maanen, 1978). Police-citizen interactions serve as opportunity contexts, which reveal
to officers crucial information about potential suspects in terms of the real or perceived
consequences of peoples’ actions (Blumer, 1986; Mead, 1934; Thomas & Thomas, 1928). This
information-gathering process is contextualized within the environment in which these interactions
exist and then translates into how officers make risk-informed decisions about suspicion within
those interactions and environments (Klinger, 1997). Policing scholars have more broadly
characterized this process of defining suspicion as how officers look for cues (i.e., symbols) of
suspicious behavior, whether it be their symbolic assailants (Skolnick, 1966), their ungovernables

(Muir, 1977), or their assholes (Van Mannen, 1974).
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Based on this information, Smith and colleagues (2006) draw on script theory from
cognitive psychology to better understand how these loose connections between symbols of
suspicion can translate into actualized behavior by police officers (Tomkins, 2008). They suggest
that the scripts officers develop over the course of their interactions with civilians provide them
with a set of rules for how to interpret, predict, and control situations. These scripts are predicated
on repeated events that store loose networks of information such as symbols of suspicion to
interactional outcomes that become thicker and more systematic cognitive schemas over time
(Smith & Alpert, 2007).

The cognitive schemas that police officers develop help form a mental image of who is
suspicious, which can influence subsequent behaviors when officers identify familiar
characteristics that correspond to those schemas. As a result, how officers characterize suspicion
can lead to different police outcomes. Smith and colleagues (2006) suggest that officers repeated
negative exposure to the connection between race, place, and crime can generate experientially
based stereotypes that loosely connect civilian identities to their perceived criminality. Once these
associations are solidified through the formation of cognitive schemas officers become more
inclined to act on associations when identifying people, places, and situations that fit the mold for
police intervention. This in turn can generate racial disparities in police behavior.

In addition to the development of cognitive schemas, Smith and Alpert (2007) contend that
stereotypes and their influence on police behavior may be attributed to a separate albeit related
theoretical process: illusory correlations. Rather than focusing on differential exposure and its
capacity to develop stereotypes, illusory correlations rest on the assumption that officers may
differentially retain information about peoples’ identities and their association with crime. In

drawing on the foundational work of Hamilton and Gilford (1976), Smith and Alpert (2007)
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suggest that an illusory correlation exists when officers perceive a relationship between two things
that are either not correlated, or correlated to a lesser degree than expected—such as one’s race
and their involvement in crime. Officers may unconsciously develop suspicion and overestimate
criminality based on how individuals fit a particular stereotype, which in turn can generate
oftentimes inefficient and racially-disparate police outcomes (Goel et al., 2016).

Taken together, racial disparities in police behavior may be the result of factors that create
more opportunities for police to encounter non-White Americans. Although these factors generate
racial disparities in police-citizen encounters, officers leading up to and during these encounters
may not necessarily possess an intent to behave differently towards a racial group. Rather, the
relationship between race and police outcomes is merely confounded by some objective factor that
may explain the relationship once accounted for. For racial discrimination to exist in policing,
differences in officers’ behavior towards a racial group must be driven by an intent to treat that
racial group differently. The following section outlines the proposed theoretical mechanisms that
may give rise to discriminatory police behavior.

Theories of Racial Discrimination and Bias in Policing

Much like theories of crime, theoretical explanations for why racial discrimination exists
in policing differ based on their assumptions about the extent and nature of the problem itself.
Whereas macro-level theories assume racial discrimination is the product of cultural and structural
factors that are external or internal to police agencies, micro-level theories assume discriminatory
behavior is produced through internal or psychological factors among officers. The following
section provides a brief overview of some commonly proposed theoretical mechanisms by their

level of analysis.
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Macro-Level Theories: Police Culture, Conflict, and Race

According to Crank (1998), racism in policing is produced by police culture. Like other
occupational cultures, police culture provides officers with a toolkit to understand how to apply
rules, principles, and information in their working environments (Manning, 2007). Police culture
plays a critical role in the everyday functions of police officers because it gives them the collective
knowledge of how to interpret emergent information on the job. Although scholars disagree as to
what police culture consists of (see Herbert, 1998; Waddington, 1999), Paoline (2003) identified
danger, suspicion, coercive authority, supervisor scrutiny, role ambiguity, maintaining the edge,
laying low, crime-fighting, social isolation, and loyalty as consistent features across police culture
conceptualizations. Several of these help explain how police culture can give rise to racial
discrimination.

The working environment for most police officers is located within local neighborhoods
and commercial areas (Korre et al., 2014). It is in these environments that the most salient cultural
features of policing manifest—danger, suspicion, maintaining the edge, and coercive authority
(Klinger, 1997; Muir, 1977; Skolnick, 1966). For example, while officers perceive a fairly low
risk of being harmed during their shift, it is a consistently cited concern (Cullen et al., 1983). Some
scholars believe this “danger paradox” is due to officers operating in uncertain environments where
they are trained to maintain an edge to ensure their safety (Van Maanen, 1978). This overt
preoccupation with the danger imperative—"a cultural frame that emphasizes violence and the
need to provide for officer safety”—can have deleterious effects for people of color by way of
shaping officers’ attitudes and corresponding behavior towards them (Sierra-Arévalo, 2021, p.71).

For example, Skolnick (1966) describes how training officers teach police recruits what to

look for when defining who is potentially dangerous or what he refers to as the “symbolic
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assailant.” Shared in the form of “war stories” and warnings, officers develop common sense
knowledge about potential suspects that traditionally associate racial minorities with crime and
violence (Rowe, 2023, p.136). Officers may interpret mannerisms such as the way people speak,
walk, and appear as early warnings of their potential threat (Skolnick, 1966, p. 47-48). Likewise,
Van Maanen (1978) argues that police may preemptively conceptualize racial minority groups as
“outsiders” who are “...not to be trusted, are unpredictable, and are usually ‘out-to-get-the-police’”
(p.11). Collectively, officers draw from this knowledge base when associating observable actions
with minority group members to identify suspiciousness and potentially discriminate against them.

As to where racial bias in police culture comes from, one explanation has dominated
theoretical discourse. Scholars suggest that police cultures give rise to racial discrimination in
policing when the overarching values, goals, and norms dominant in their institutional
environment are premised on racial prejudice (Petrocelli, Piquero, & Smith, 2003; Stolzenberg,
D’Alessio, & Eitle, 2002). This explanation operates on the institutionalist perspective of police
culture, which suggests that police agencies are permeable institutions that transmit the dominant
values, goals, and norms in society to uphold their legitimacy in that environment (Crank &
Langworthy, 1992). Accordingly, minority group members will experience disparate police
contact in part because the ruling White class perceived them as a threat to their cultural values,
beliefs, and norms (Blalock, 1967; Holmes, 2000). This explanation is referred to as the
racial/minority threat hypothesis and is frequently tested by examining the association between the
relative size and geographic distribution of minority members in an area and police outcomes
(Black, 1973; Liska, 1992).

Explanations of racial discrimination in policing through the racial threat hypothesis date

back to the enforcement of antebellum slave codes and post-Civil War Jim Crow laws of the
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American South (Hadden, 2003). These laws were used to typify Black Americans as part of the
dangerous class and portray their resistance to bondage as a threat to be controlled for the
preservation of the slave economy during the late 1600s and 1700s (Hadden, 2003; Reichel, 1988).
As aresult, slave patrols were created as a form of transitional police force, tasked with controlling
the dangerous class by enforcing slave laws and incapacitating fleeing slaves (Reichel, 1988).2

Similar historical examples exist among critical analyses of the police during the Civil
Rights Movement. In the late 1950s and early 1960s, Black Americans resisted dominant White,
middle-class values and norms through peaceful protests that were often met with police force
(NAS, 2018). In documenting police brutality during the Detroit civil rights protests in 1958, the
NAACP reported that police frequently responded with elevated levels of force and racial epithets
when Black Americans questioned their encounters with them. More specifically, over half of all
complaints made by Black Americans to the NAACP included details about unprovoked assaults
paired with racial epithets.®

Empirical tests of the racial threat hypothesis have yielded inconsistent results, due in part
to the fact that they often fail to connect macro-level social processes to the development of police
culture, and the subsequent manifestation of racial discrimination. Early empirical research was
largely supportive, with many scholars pointing to racial composition in neighborhoods and cities
as a determinant of police enforcement, lethal force, and complaints of misconduct (e.g., Holmes,
2000; Jacobs & O’Brien, 1998; Kent & Jacobs, 2005). In other words, larger minority populations

were shown to be associated with racially-disparate police outcomes. Racial threat scholars

2 It should be noted that these transitional police forces were not the foundation of American policing, but rather
existed as a situational byproduct based on the need for formal social control in the South, which relied primarily on
a slave-based economy. Policing in colonial America was structured by a formal sheriff, constable, and watch
system that was originally heralded by England leading up to and throughout the seventeenth and eighteenth
centuries (Monkkonen, 2004).

% https://policing.umhistorylabs.lsa.umich.edu/s/detroitunderfire/page/1958-63
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interpreted such findings as evidence of discrimination—the ruling class (represented by the
police) attempting to exert power over minorities. However, more recent empirical analyses
challenge the robustness and magnitude of the associations between minority composition and
police behaviors (e.g., Novak & Chamlin, 2012; Stolzenberg, D’Alessio, & Eitle, 2004; Stults &
Baumer, 2007). Given these concerns and the challenges with measuring culture as the mediating
link between racial threat and police discrimination, some scholars focus on individual-level
explanations for racial discrimination to shed light on the more proximate indicators of such
behavior.

Micro-Level Theories: Explicit Bias

Micro-level research directs attention toward the psychological processes that shape how
individual officers perceive racial groups and behave in an intentional manner that conforms to
their perceptions. In drawing from Smith and Alpert (2007), | define intent as broadly capturing
officers’ volition to treat individuals of a specific racial group a certain way. One micro-level
explanation for racial discrimination involves the presence of explicit biases held among those
officers who engage in such behavior.

Explicit bias can lead to racial discrimination through officers’ conscious awareness of
their racial prejudice of a specific racial group when choosing to treat them differently
(Tomaskovic-Devey, Mason, & Zingraff, 2004).* Becker (1957, p.8) describes this generally as a
form of “taste for discrimination” and may drive intent in a police officer’s racially discriminatory
behavior because of their racial animus towards them (NAS, 2018, p. 525). However, scholars
contend that explicit biases, such as racial animus, are not strong predictors of racially biased

police behavior (Smith & Alpert, 2007). One potential explanation is that general intolerance for

4 Allport (1954) describes prejudice as being comprised of beliefs, attitudes, and behaviors. For this review,
prejudice is narrowly referred to as attitudes, or what many refer to as racial animus.
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racial prejudice has increased among the public and police agencies over the past two decades
(NAS, 2018). Thus, some scholars posit that only a few officers may harbor explicit biases toward
racial minority groups in an agency (Tomaskovic-Devey et al., 2004).

Another micro-level explanation rests on the assumption that although many officers may
not harbor deep-rooted prejudices towards specific racial groups, race can still exist at the forefront
of their decision to stop, search, and potentially arrest civilians. As described by Fagan and Davies
(2000), civilians’ race can be used as a criminal shorthand to determine suspicion by police
officers. This has been reflected in many ethnographic accounts of how police consciously define
suspicion (Muir, 1977; Rubinstein, 1978; Van Maanen, 1978). Smith and Alpert (2007) thus
characterize the use of civilians’ race under this theoretical framework of police discrimination as
a source of information that is actively used in officers’ decision-making processes. Officers are
deemed “racial gamblers” who use civilians’ race to determine potential criminality, and
oftentimes inaccurately, stop and arrest those civilians (Smith & Alpert, 2007). The key difference
between being a racial gambler and someone with an illusory correlation is perhaps unsurprisingly
the same differentiating factor between disparity and discrimination: the presence of officers’
intent to treat individuals of a specific race differently.

Summary

Taken together, theoretical explanations for the existence of racial discrimination differ in
part by their level of analysis. Macro-level theories direct attention towards the social and cultural
determinants of racial discrimination in policing. For example, police culture serves as an
informational toolkit to help officers understand how to navigate the dangers and uncertainties of
their working environment. Theorists posit that this can generate racial discrimination by

socializing officers to look for situational cues or characteristics that inherently associate
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criminality with racial minority status.

Micro-level theories of racial discrimination assume intent is the product of individual
officer biases. While racial animus is declining in public polls (Saad, 2022), officers may
intentionally and consciously treat people of a racial group differently due to their negative
attitudes or beliefs about that group and their involvement in crime. This would correspond with
recent survey findings by Roscigno and Preito-Hodge (2021), which concluded that police officers
are “distinctly racist” when compared to the general public and other professions based on General
Social Survey data from 1984-2018.°

Although this review treats police culture and individual officer biases as distinct
explanations of racial discrimination, they may not operate in isolation. Police culture may provide
a medium through which racial biases manifest in police behavior. Importantly, officers have
individual agency and will exhibit variation in their adoption of culture rather than merely serve
as passive conduits or “culture dopes” that perfectly reflect them (Paoline, 2003; Rowe, 2023).
Officers bring their attitudes, beliefs, and ideas into the occupation as well, which helps them
determine how they will enact “real policework™ (Muir, 1977). Accordingly, police culture may
initially operate at a monolithic, occupational level but it is filtered down through organizational
contexts and within individual officers to fit their working environments (Campeau, 2015). This
may help explain why those who contend agencies are presumably entrenched in discriminatory
police cultures do not yield discrimination among all their officers. This may also help explain
why such behavior can be concentrated in some police beats, precincts, or districts in the same
agency.

Accordingly, while some attribute police culture as the primary source of discriminatory

5 1t should be noted that their estimates and substantive conclusions have been recently scrutinized and should thus
be interpreted cautiously (see Peyton, 2021)
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behavior (e.g., Crank, 1998), it may be through explicit biases that police culture eventually leads
to racial discrimination. In other words, environments may give rise to discriminatory behavior
due in part because of their ability to instigate and re-affirm biases towards a racial group of people
among individual officers. It is then through individual officer biases that culture is indirectly
associated with racial discrimination in a police agency.

To reiterate, racial discrimination in police behavior must involve intent. The causal
mechanisms of racial discrimination are not necessarily the same as what generates disparate
police behavior. Thus, disparity can serve as a potential signal of discrimination.® Accordingly, the
next section provides an overview of the research that aims to identify racial discrimination and
disparity in police behavior. In so doing, | highlight the challenges to estimation and their direct
correspondence with the issue of discerning between racial disparity and racial discrimination in
police behavior.

Research on Racial Discrimination in Policing
External Benchmark Tests

Early empirical tests of racial disparities and discrimination in policing were built on the
assumption that analysts can estimate a population at risk for police contact (Neil & Winship,
2019). If so, analysts can construct a benchmark dataset from which they compare its racial
distribution to that of a police outcome. These tests are referred to as “external benchmarks”
because the reference data are external to the police agency. When a racial minority group is

overrepresented in their distribution of a police outcome relative to their distribution in the

& There are, of course, situations where discrimination may be the result of racial differences that are not captured
through data. For example, if police outcomes are systematically not reported for specific racial groups, this could
be a product of discrimination. Yet, a measure of racial disparity in that outcome given the observed data may not
capture the underlying discriminatory behavior—partly because it is not reported. Without available data on
reporting biases, this discussion merely serves as a potential motivation for future research.
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benchmark dataset, analysts conclude racial disparity and potential racial discrimination in
policing.

For example, in Table 1, Black civilians comprise 67% of all arrests and 78% of all traffic
stops in the hypothetical example, whereas they comprise 50% of the total population and 67% of
those drivers involved in traffic crashes. Taking the difference in these percentage points yields a
17-percentage point difference, which indicates that Black civilians are overrepresented among
arrests relative to their representation in the residential population. As demonstrated by Alpert,
Smith, and Dunham (2004), the statistical significance of this difference can be estimated using a
difference in proportions test, which involves dividing the difference in proportions by the standard
error of the difference in proportions. In the case of arrests compared to the census benchmark, the
estimated z-statistic (rounded to the nearest integer) for the difference in proportion of Black
civilians in each dataset is 40, which according to standard levels of Type-I error for a two-tailed
hypothesis test (o = 0.05, z = |1.96|) would be deemed statistically significant. Put simply, Black
civilians are over-represented among arrests given their representation in the census population.

Table 1. External Benchmark Demonstration

Civilian Race
Black White Total

Police Data Source

Arrests Population 67% 33% 15,000

Traffic Stops Population 78% 22% 1,275
Benchmark Data Source

Census Population 50% 50% 200,000

Traffic Crashes Population 67% 33% 75,000
Percentage Point Difference

Arrest % — Census % 17 -17

Stop % — Crash % 11 -11

The external benchmark test is the most popular and simplest method for examining racial

disparities in police research, but it is not without its limitations (Smith et al., 2021). The main
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assumption is that the benchmark dataset provides an accurate estimate of the population at risk
for a police outcome (e.g., contact, arrest). Early research developed benchmarks based on census
data, but these data do not accurately reflect the population at risk for such contact (Neil &
Winship, 2019). Traffic collisions and observed driving population data were developed as
promising benchmarks for traffic stops (Alpert, Smith, & Dunham, 2004; Lange, Johnson, & Voas,
2005), and arrest/offending benchmarks were created to reflect those at risk for police contact via
pedestrian stops (Gelman et al., 2007).

Another major criticism is that these tests cannot distinguish between racial discrimination
and disparity. For one, differences in a racial minority group’s representation in a benchmark and
their distribution in police arrests could be a function of differential offending, enforcement, or
both—not simply officers’ intent. This leads to a related criticism; benchmark tests are univariate
tests that cannot account for external and situational factors that may contribute to a racial minority
group’s risk of being contacted by the police. As a result, external benchmark tests can only speak
to racial disparity, they are usually interpreted cautiously, and they are often coupled with several
other tests that will be described below.

Internal Benchmark Tests

Unlike external benchmarking, internal benchmark tests assume that most of a police
agency’s discrimination problems can be traced back to a few “bad apples” (Ba et al., 2021;
Gongalves & Mello, 2021).” Those interested in creating an internal benchmark thus assume that
most officers in an agency are unbiased and can serve as a reliable reference group from which
officers who discriminate can be distinguished (Ridgeway & MacDonald, 2009). In its simplest

form, an internal benchmark is merely a dataset of stops, arrests, or other behavioral outcomes

" This assumption is derived from early empirical research and government reports that suggests most complaints
and misconduct are tied to a few officers (Christopher, 1991; Sherman, 1978).
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conducted by other officers in the agency. Analysts can compare the racial composition of those
outcomes to that of an officer in question, and if Black civilians are over-represented in the
officer’s behavioral outcome, then they would flag them as engaging in racially-disparate police
behavior.

These comparisons can be biased due to differences in what assignments officers work and
where they work; thus, internal benchmarks can be improved by curating them for each police
officer in an agency based on when, where, and what kinds of behaviors they conduct in their
working environments.® The internal benchmark for an officer in question thus comprises a
matched set of incidents of a pre-specified behavior (i.e., stops, arrests, uses of force) conducted
by other officers in their agency during the same times, at the same places, and within the same
contexts (Ridgeway & MacDonald, 2009; Walker, 2001). This creates a unique set of
counterfactual data for each officer in an agency that allows analysts to determine which officers
(if any) in an agency are the contributors of racial disparity.

To see how this works, Table 2 displays the distribution of a hypothetical officer’s stops,
and the distribution of their internal benchmark stops. This officer conducted a greater proportion
of their stops at the beginning and end of the year, during the beginning and end of the week, and
in precinct D. Their internal benchmark dataset comprises stops that have the same distribution on
observed characteristics (see 3" and 5 column). This is what creates the counterfactual necessary
for the internal benchmark to be valid. The procedures used to estimate the internal benchmark
varies, though modern empirical approaches leverage advanced matching procedures (e.g.,
propensity score analysis) to generate a weighted sample of stops for the benchmark dataset

(Ridgeway & MacDonald, 2009; Walker, 2001). Therefore, the officer in question conducted 643

8 There are cases when benchmarks may be created for officer workgroups, but these group-level benchmarks are
not as common as the officer-level benchmarks.
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stops while their internal benchmark is drawn from approximately 3,098 similarly situated stops
based on time, place, and context.

Table 2. Internal Benchmark Demonstration

Stops % Stops % Stops
conducted  conducted Internal within
by officer by officer ~ benchmark internal
In question in question  stops benchmark
N =643 N = 3,098
Month
January 38 6% 183 6%
February 64 10% 308 10%
March 88 14% 424 14%
April 71 11% 342 11%
May 6 1% 29 1%
June 17 3% 82 3%
July 21 3% 101 3%
August 57 9% 275 9%
September 55 9% 265 9%
October 84 13% 405 13%
November 80 12% 385 12%
December 62 10% 299 10%
Day of Week
Monday 127 20% 612 20%
Tuesday 57 9% 277 9%
Wednesday 61 10% 296 10%
Thursday 95 15% 457 15%
Friday 90 14% 432 14%
Saturday 99 15% 477 15%
Sunday 114 18% 547 18%
Precinct
A 109 17% 526 17%
B 115 18% 555 18%
C 158 25% 760 25%
D 261 41% 1257 41%

The intuition follows that there is evidence of racial disparity if the racial distribution of an

officer’s stops differs from the racial distribution of stops conducted by their peers in the
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benchmark dataset. The comparison effectively generates a z-statistic that estimates the
significance of this difference in racial distributions and thereby solidifies analysts’ conclusions
about the existence of racially-disparate policing for an officer in question. Concerns over the
potential false discovery of an officer as engaging in disparate behavior (i.e., a bad apple) have led
to subsequent estimation procedures that account for this possibility as well by drawing on insights
from the multiple hypothesis testing literature (Ridgeway & MacDonald, 2009).

It bears noting that the internal benchmark test has four major drawbacks. First, it cannot
distinguish between racial disparities and racial discrimination. In its inception, the internal
benchmarking test was designed as an early warning system, whereby agency supervisors could
monitor officer behavior and identify statistical outliers that deviated from their peers (Walker,
2003). However, these deviations are often driven by factors that are indicative of racially-
disparate policing rather than discrimination. For example, the TEAMS Il Risk Management
Information System used in the Los Angeles Police Department is criticized for flagging officers
who, based on being among the top 1% of their peers, are deemed as statistical outliers despite
potentially having legitimate reasons for their racially-disparate stop behavior. Spanish-speaking
officers were frequently identified as outliers relative to their peers because they were often
deployed to calls involving Spanish-speaking residents, which in turn, generated disparities in their
contact with the Hispanic population (Ridgeway & MacDonald, 2009). This leads to a related issue
with the internal benchmark approach. It can be difficult to create a customized benchmark for
officers who rarely conduct stops and/or have highly specialized assignments or patrol locations.
The issue is that some officers may have no peers who conduct similar stops as they do.

Another issue with the internal benchmark is that it requires extremely detailed data on

officers’ patrol assignments if analysts want to create matched benchmarks. For larger agencies
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that collect high volumes of detailed data, with easily accessible records management systems,
analysts can take advantage of this information to construct benchmarks that adequately reflect the
reality of individual officers’ routine patrol assignments. However, if analysts do not have access
to this data, their benchmarks may not produce a valid comparison for each officer. Relatedly, if
analysts do not measure specific variables that are associated with both the officer and the
likelihood of stopping a non-White citizen, such as what neighborhood the officer works in, then
the benchmark will be biased. Much like any other regression model built to explain social
behavior, analysts will be constrained to the data available and the bounds of their theoretical and
practical knowledge on the matter.

The last major limitation of the internal benchmarking approach is its inability to identify
racial disparities if an agency is comprised of equally biased police officers. Put simply, if the
entire agency is comprised of officers who discriminate, there is no way to individually identify
any officer-in-question as being discriminatory because everyone behaves similarly. Accordingly,
it may serve well to conduct tests of discrimination/disparity at an agency level prior to
investigating any officer-level discrimination/disparity, as this will contextualize any null findings
in the internal benchmark analyses.

Post-Stop Outcome Tests

Rather than analyzing police officers’ decision to stop civilians, some analysts have instead
evaluated their discretion in post-stop outcomes to identify racial discrimination. One approach
involves the “outcome test,” which has its roots in Becker’s (1957) work to test for discrimination
in labor markets. In police research, the outcome test operates under the assumption and null
hypothesis that police officers are racially unbiased if the relative success in their decision to search

individuals of a racial minority group is the same as they are for White individuals (Anwar & Fang,
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2006; Engel, 2008; Knowles, Persico, & Todd, 2001). The typical outcome test involves measuring
the proportion of “hits” or successful searches for contraband (e.g., illicit drugs, fircarms) among
all searches for a racial minority group compared to the rate for White civilians (Neil & Winship,
2019). Officers who are engaging in racially-disparate and potentially discriminatory behavior will
be less (or more) successful in their searches of non-White individuals relative to Whites.

Advocates of the outcome test assert that observed differences in the hit rate between racial
groups help distinguish between taste-based discrimination and statistical discrimination in
policing (Anwar & Fang, 2006; Knowles et al., 2001). If policing is premised on statistical
prediction, one would anticipate that, based on racial differences in serious offending, hit rates
would be greater among non-White suspects compared to White suspects because officers are keen
to enhance their efficiency in seizing contraband. While this assumes officers are discriminatory
in their search behavior, such discrimination may be desirable given that it would indicate they are
either more selective in their searches of non-White civilians or are simply more productive when
choosing to search them. In contrast, taste-based discrimination exists when hit rates are lower for
non-White civilians relative to White civilians. The idea of taste-based discrimination can more
broadly be situated within Smith and Alpert’s (2007) notion of the illusory correlation. When
officers unconsciously over-estimate the association between criminal behavior and racial identity,
they are exemplifying an illusory correlation, which in turn is reflected by their inefficient and
fruitless encounters with nonwhite civilians relative to Black civilians. If, however, race was at the
forefront of these officers’ minds, then they would be Smith and Alpert’s (2007) racial gamblers
and unsuccessful ones at that.

Despite its potential benefits, the outcome test has two major flaws. First, little evidence
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exists in support of a purely statistical prediction approach to policing.® Evidence suggests that
specific proactive policing strategies such as the stop, question, and frisk program in New York
City, were largely unsuccessful at seizing contraband despite disproportionately targeting non-
White residents (Manski & Nagin, 2017). Likewise, the NAS (2018) contends that a pure
efficiency model of policing is unconstitutional and does not conform to modern community-
driven approaches to proactive policing.

Another flaw of the outcome test is the “infra-marginality” problem (see Table 3).2° This
occurs when the chances of a potential suspect exhibiting signals indicative of contraband vary by
racial group and when the police are racially biased in their decision to stop civilians in the first
place. To understand how this works, first assume that officers are trained to search for specific
signals or cues indicative of contraband (e.g., illicit drugs, firearms), and these signals differ in
their probability of indicating that the contraband is in someone’s possession. This is displayed in
the first two columns of Table 3: whereas 1% of people who carry contraband exhibit no signals
of possession, 20% of people who carry contraband exhibit an odor indicative of possession (e.g.,
gun powder, marijuana smell).

Table 3. Inframarginality Problem Demonstration
% of Black % of White

Probability of Suspects Suspects Black White
Successful Indicating Indicating  Probability  Probability
Hit Signal Signal of Hit of Hit
Signal Type
No Signal 0.01 70% 70% 0.01 0.01
Furtive
Movements 0.10 15% 15% 0.02 0.02

% It should be noted that predictive policing—a place-based approach to proactive policing premised on forecasting
when and where crime occurs in local areas—seemingly corresponds with statistical prediction as discrimination in
policing. Despite recent criticisms about its implications for racial discrimination (Richardson, Schultz, & Crawford,
2019), preliminary evidence indicates that it does not generate racially biased policing (Brantingham, Valasik, &
Mohler, 2018). Nevertheless, more research is needed using the outcome tests on predictive before any definitive
conclusions can be made.

10 See Neil and Winship (2019) and NAS (2018, box 7.1) from which this example and table is directly drawn from.
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Table 3. (cont’d)

Odor 0.20 10% 15% 0.02 0.03
Both 0.50 5% 0% 0.03 0.00

Assume there are differences in the probability that a racial group will exhibit specific
signals as well. Suppose that 70% of Black civilians who are stopped by the police exhibit no
signals of possession, another 15% exhibit furtive movements, 10% exhibit an odor indicative of
narcotics, and 5% exhibit both movements and odors. White civilians also exhibit similar signal
distributions but 15% of those stopped exhibited an odor and none exhibited both furtive
movements and odors. Randomly stopping and searching a Black civilian will thus yield a greater
chance of discovering contraband compared to a White civilian. Taking the weighted average of
these signal distributions for each racial group (see last two columns of Table 3) in this hypothetical
example indicates that Black civilians are more likely to exhibit signals indicative of a higher
probability of possessing contraband.

Now, consider that the police are racially biased in their decision to stop civilians. The
police stop all Black civilians who exhibit furtive movements, odors, or both. In contrast, the police
only stop all White civilians who exhibit an odor or both. In Table 4, 15% of all White civilians
and 30% of all Black civilians will be stopped by the police. The implied hit rate for White civilians
in an outcome test is .20, which is calculated by taking the weighted average of those stopped by
the police for each of the signal groups that fall within the police threshold for stopping White
civilians.

In this case, all White civilians in the sample of those stopped had exhibited an odor, thus
two out of every 10 who exhibited an odor had contraband. The implied hit rate for Black civilians

is also .20. However, the composition of those who exhibit signals among Black civilians differ
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and the stop threshold for them is lower. Whereas 50% of Black civilians stopped by the police
exhibited furtive movements, one-third exhibited an odor, and one-sixth exhibited both an odor
and furtive movements. Calculating the hit rate across each signal group in the Black civilian
sample that was stopped based on lower evidentiary standards is thus (50%(.1) + 33%(.20) +
17%(.50) = .20). Herein lies the infra-marginality problem: the hit rate for Black civilians is the
same as for White civilians despite the racial bias that exists in officers’ decision to stop Black
civilians based on lower evidentiary standards. What this suggests more generally is that the
outcome test will be invalid if the police are racially biased in their decision to stop people and
there are differences in the racial distribution of signals indicative of contraband.!

Natural Experiments

Many of the tests for racial disparities and discrimination in policing mentioned above rely
on observational methods that are limited in their ability to yield a valid estimate of disparity, let
alone identify racial discrimination. Accordingly, some researchers have identified conditions
under which there exists an exogenous source of variation in police discretion that can be measured
to identify unbiased estimates of racial disparity and potential discrimination in policing.

One popular natural experimental method to test for racial disparities in police traffic stops
is the veil-of-darkness hypothesis (Grogger & Ridgeway, 2006; Knode et al., 2024). The veil-of-
darkness hypothesis assumes that police officers have less ability to visually identify drivers’ race
at night compared to during the day.*? If so, race should not influence officers’ decision to stop

vehicles at night. Analysts can use stops conducted at night as a “race-blind” set of counterfactual

11 Several solutions to the infra-marginality problem have been proposed over the years but their validity depends on
data availability and the consistency of the underlying data generating processes for police stop and search decisions
(Knowles, Persico, & Todd, 2001; Ridgeway, 2006).

21t is important to note that the difference in visibility between daylight and darkness is not assumed to be absolute.
Rather it only assumes the difference in visibility is relatively greater in daylight than in darkness.
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stops from which stops conducted in daylight—stops when race may more easily shape officers’
decision to pull a driver over—can be compared.

For the veil-of-darkness hypothesis to produce a valid estimate of racial disparity, one must
assume that the relative risk of being stopped by the police during periods of daylight and darkness
is the same within each racial group. In other words, if daylight is the independent variable and
drivers’ race is the dependent variable, analysts must account for any confounding factors that
relate to both variables. For example, differences in travel patterns over the course of the day may
vary both within and between races, thus creating a differential risk of being stopped by the police
in daylight and darkness. This will bias the veil-of-darkness hypothesis if unaccounted for. To
account for these differences in risk of being pulled over during daylight and darkness, analysts
constrict the sample of stops analyzed to only those that occur within the intertwilight period. This
creates a sample of data that contains stops that took place in daylight while others took place in
darkness at the same time of day, which allows for a direct comparison of those stops with
otherwise similar circumstances.

In short, the veil-of-darkness approach leverages exogenous variation in visibility across
daylight and darkness to determine if police officers are more likely to conduct traffic stops
involving Black drivers during times of the day when drivers’ race is visible compared to when it
is not. Comparing the racial distribution of stops by officers in daylight and darkness therefore
allows analysts to test for racial disparities in officers’ decision to conduct traffic stops.

The veil-of-darkness hypothesis may not be able to identify racial discrimination in stop
behavior under specific conditions. For one, the veil-of-darkness test uses a multivariable
regression approach to estimate racial differences in officers’ traffic stop behavior. This means

that there may be legitimate reasons as to why officers pull over more Black drivers during daylight
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as opposed to darkness that will bias the model results if left unaccounted for. For example,
evidence suggests that failing to account for officer assignment and patrol unit type can bias
estimates of racial disparity (Vito et al., 2020; Worden, McLean, & Wheeler, 2012). Moreover,
the statistical power to identify racial disparities in the veil-of-darkness method is weakened when
officers’ decision to stop vehicles is influenced by car characteristics associated with racial groups
(Grogger & Ridgeway, 2006).

Another natural experimental method proposed by Gongalves and Mello (2021) leverages
exogenous variation in officer discretionary ticketing practices to determine whether they racially
discriminate when enforcing punishments for speeding. In their study of the Florida Highway
Patrol (FHP), Gongalves and Mello identify distinct “jumps” in the fine schedule for speeding that
correspond with increasing levels of harshness (e.g., ticket fine increase, mark on driver’s record).
For example, driving 7-9 miles per hour over the legal limit results in a $125 fine whereas driving
25 miles over yields a $250 fine. The authors identified that officers have discretion in what speed
to charge drivers and will typically “discount” the driver’s speed to fall below the next jump in the
fine schedule. In their study, they identified a notable jump in the fine schedule when shifting from
10 to 11 or more miles per hour over the legal limit. This corresponded with most discounting
practices that involved listing drivers as speeding 10 miles over as opposed to their actual speed.

Akin to the veil-of-darkness design, Gongalves and Mello (2021) construct a counterfactual
group of “bias-free” officers who exhibited no discounting discretion in their ticketing practices.
These officers and their stops were comparable in observed characteristics to officers who
exhibited discretion in their ticketing practices. Gongalves and Mello (2021) thereby use this
natural experimental setting to determine if officers in the FHP were more likely to discount tickets

for White drivers compared to non-White drivers. This ticketing discount design was robust to
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racial differences in ticket discount requests made by drivers and driving locations. However, the
primary limitation of their study is that the design cannot distinguish between racial disparity and
discrimination.®® A smaller though notable limitation to the study is that little empirical attention
has been directed at the consequences of racial disparities in ticketing discount practices. Some
evidence suggests that these behaviors may be linked to financial revenue-generating mechanisms
in local municipalities, such as in Ferguson, Missouri (Department of Justice, 2015). Yet, far less
is known as to how racial inequalities in ticketing practices relate to broader public safety and
health consequences that are associated with racial inequalities in other police behaviors (i.e.,
arrests, uses of force).

Classical Experiments

An ideal approach to estimating racial disparities and potential discrimination in police
behavior would be to construct an experimental design that randomly assigns officers into one of
two conditions differing solely by civilian race: one condition involves a non-White civilian and
the other involves a White civilian. Evaluating officers’ decision-making between these conditions
thus allows analysts to estimate differences in police behavior attributable solely to the race of a
civilian with a high degree of internal validity.

Many racial discrimination experiments have been conducted in the field of cognitive
psychology but the totality of evidence indicative of racial disparities and discrimination in
policing is inconclusive. For example, in videogame-based shoot/don’t shoot scenarios, some
evidence suggests that officers have lower shooting thresholds and quicker reaction times when
shooting Black suspects as compared to White suspects (Correll et al., 2002; Correll & Keesee,

2009; Taylor, 2020). Moreover, officer shooting error rates for shooting Black suspects are higher

13 For similar natural experiments designed by economists to test for racial disparities and potential discrimination,
see Fryer (2019), Weisburst (2019), and West (2019).
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than for White suspects (Plant & Peruche, 2005). However, others have shown that officers can be
quicker to shoot (“correctly”) Black suspects and were more accurate in their decision to shoot
Black suspects compared to Whites (Sadler et al., 2012). Moreover, some scholars have found that
despite differences in reaction time to shoot by officers of civilians with different racial
backgrounds, these same officers were no more likely to shoot Black suspects than White suspects
(Correll et al., 2007).

A commonality among many experimental studies of shoot/don’t scenarios is that they
consist of videogame-based simulations, many of which involve research subjects pressing a single
button to indicate whether they would shoot a potential crime suspect. As noted by James and
colleagues (2016), these button-based simulations fail to capture the reality of a situation where
officers may (or may not) deploy lethal force. The experimental settings lack the distinct
environmental and situational factors that shape officers’ decision-making when involved in
police-citizen encounters, such as neighborhood context and what dispatch information officers
are exposed to (Johnson, Cesario, & Pleskac, 2018). Moreover, they cannot capture the emotional
dynamics and psychological toll that pervade officers’ minds when they enter what Klinger (2004)
refers to as the “kill zone” (p.14). Additional concerns of external validity with these simulations
stem from the traditional use of a button to indicate whether officers will shoot a suspect. Pressing
a button fails to replicate the experience of pulling a four to eight-pound trigger on a standard issue
law-enforcement firearm, thereby leaving officers feeling as if they are actually in a video game
rather than simulating the real-life experience of a shooting (James, Klinger, & Vila, 2014).

The lack of external validity with traditional shoot/don’t shoot simulations has led to
advancements in the design of these experiments. Recent research development has been directed

at creating conditions premised on unfolding scenarios or what James et al. (2017) refer to as
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“tactical social interaction” scenarios, which aim to simulate the many ways in which police-
citizen encounters can escalate or deescalate based on officer input. However, research evidence
to date using these more modern designs and simulators is limited and inconclusive (James et al.,
2014; Johnson et al., 2018).

Summary

Despite the increased demand for transparency, researchers and practitioners alike are
faced with a grim reality: there is no “silver bullet” to identifying racial discrimination. At best,
each of these tests is designed to detect racial disparities in various police outcomes. At worst,
these tests can provide misleading conclusions about the extent and nature of racial disparity and
discrimination in policing (Neil & Winship, 2019).

Internal benchmarks and outcome tests are among the most externally valid and empirically
robust approaches, yet they cannot explicitly identify discrimination. This is because they are built
upon the research design principle of “closing back door” explanations that could account for
disparate police behavior (Huntington-Klein, 2022). That is, they rely on methods that involve
accounting for all observable factors that might explain such behavior with the caveat that any
unmeasured factors could bias their findings.

Neither approach offers avenues to explore “front doors” through which credibly
exogenous sources of variation in police discretion and intent can be measured to identify their
unique causal effect on police behavior (Cunningham, 2021). The added benefit of these front-
door approaches is that analysts can isolate variation in officer discretion to explicitly identify any
potential racial discrimination in their behavior. Natural experiments and randomized control trials
offer such an approach, but their external validity remains a critical issue that has yet to be

resolved. These sentiments are best characterized by Neil and Winship (2019), who aptly stated
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that “[t]he implication is that many of our tests of discrimination are not likely giving us the right
answer, with there being more or less discrimination than results suggest” (p. 74).

Is testing for racial disparities in policing a fruitless endeavor? The public safety and health
consequences of racially-disparate policing for people of color are readily apparent; thus,
identifying when such behavior exists in an agency is a worthy endeavor for the prevention of its
consequences. However, the question remains what should practitioners do when such disparities
arise in a police agency? The next section unpacks some of the most commonly proposed police
reforms and provides evidence of their effectiveness.

Policy Interventions for Reducing Racial Discrimination in Policing

A tragically predictable sequence of events follows the aftermath of high-profile police-
involved Kkillings of unarmed Black or African Americans. Whether it be Michael Brown in
Ferguson (2014), George Floyd in Minneapolis (2020), or most recently Tyre Nichols in Memphis
(2023), national dialogue on racial injustice and police reform rapidly follows their deaths. This is
perhaps best captured by President Biden in his recent State of the Union address following the
death of Tyre Nichols who said, “Let’s commit ourselves to make the words of Tyre’s mom true.
‘Something good must come from this’” (Shear, Tankersley, & Kanno-Youngs, 2023). Yet, for
something good to come, there must be consensus on how to achieve it.

There is considerable debate among scholars and the public as to how to prevent racial
disparities and discrimination through police reform. In general, police reform efforts can be
broadly organized into one of five focus areas: accountability, punishment, training, enforcement
change, and recruitment/diversification/retention. Table 4 outlines each focus area, its implications
for racial equality, and some popular examples. Given the breadth of reforms developed over the

years, | provide only a brief overview of select reforms and highlight what evidence there is to
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support them as they relate to remedying racial disparities in policing.

Table 4. Five Police Reform Focus Areas

Focus Area Implication for Racial Disparity/Discrimination Examples
Body-worn
T . cameras
Accountability Enr_]ancg wgb_ﬂﬂy and.soua_ll control to prevent/deter Civilian oversight
racial discrimination/disparity. boards

Duty to intervene

Decertification
Removing
qualified immunity
Implicit bias
Train officers to handle situations better and thus training

avoid racial discrimination/disparity. De-escalation
training

Stop traffic and
low-level crime
enforcement
Crisis-response
teams

Gender
representation
Enhance sworn-workforce diversity to increase Racial
sensitivity and reduce racial discrimination/disparity.  representation
Education
enhancement

Incapacitate problematic officers to prevent further

Punishment
harm.

Training

Enforcement Reprioritize enforcement strategies to prevent racial
Change discrimination/disparity.

Recruitment,
Diversification,
and Retention

Accountability

Accountability-based reforms build or enhance policies, structures, and data-generating
mechanisms in police agencies to increase oversight of officers and deter them from engaging in
problematic behavior. For example, body-worn cameras (BWC) increased in popularity
throughout the U.S. not long after the death of Michael Brown in 2014. Some have attributed this
proliferation to the fact that there was no video footage of the controversial shooting, which

elevated public awareness about the shortcomings of pre-existing police oversight mechanisms
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(Adams, 2021).*

As early as 2016, national data indicated that between 50-60% of police agencies across
the U.S. were fully deploying BWCs. Advocates of BWCs contended that increasing police
visibility will shed light on the discretionary behaviors engaged in by police officers, enhance
officers’ self-awareness, civilize potential suspects, and deter officers from engaging in
questionable behaviors—especially racially-disparate uses of excessive force (Ariel et al., 2017;
White & Malm, 2020). However, evidence of BWCs mitigating police misconduct and racial
disparities is limited. In a recent Campbell systematic review, Lum and colleagues (2020)
concluded that BWCs were not consistently associated with declines in officers’ use of force and
arrest activity. Moreover, evidence of BWCs reducing racial disparities in police contact and force
outcomes is largely nonexistent. Part and parcel of these limited findings is the heterogeneity in
officers’ discretion to deploy BWCs, how camera footage is reviewed in police agencies, and to
what extent they are used as a performance monitoring system (Adams, 2021).

Another popular accountability mechanism is a civilian oversight board. The President’s
Task Force on 21% Century Policing (2015) originally advocated for COBs as an external
mechanism for reviewing sentinel events (e.g., high-profile police-involved killings), however,
their broader purpose is to “...identify any administrative, supervisory, training, tactical, or policy
issues that need to be addressed” in a police agency (p. 88). The intuition is that having an external
oversight institution will ensure police agencies are meeting the public standards for procedural
fairness and racial justice (CCJ, 2021a).

There are generally three types of COB models, each of which vary in form and function.

14 Body-worn cameras have been used since the early 2000s in the United Kingdom and Australia, but their
popularity in the states is much more recent (Goldsmith, 2010). Some point to the death of Trayvon Martin in
Chicago of 2012 as an earlier though equally important flashpoint in the origination of body-worn cameras (Lum et
al., 2020).

40



Investigation-focused COBs are designed to investigate complaints filed against the police and
operate as a reactionary model for police accountability (DeAngelis, Rosenthal, & Buchner, 2016).
Auditor-focused COBs assess the quality of completed complaint investigations by an agency, and
review-focused COBs provide broad assessments of complaint investigations, training, and
practice (DeAngelis et al., 2016).

Variations in the design and implementation of COBs have led to inconsistent evidence in
support of their effectiveness and hindered scholars’ attempts to identify what mechanisms within
them generate positive police outcomes. While some studies report that COBs were associated
with reductions in racial disparities (Ali & Pirog, 2019), others report associated increases in the
rate of civilian complaints filed against the police of misconduct (Terrill & Ingram, 2016).
Moreover, scholars contend that COBs will continue to be limited in their capacity to enact positive
organizational change and prevent consequential police behavior so long as they cannot initiate
disciplinary actions (Clarke, 2009; Hope, 2020).%° For example, few COBs can compel officer
testimony, and even fewer have the power to subpoena officers (Witkin, 2016). This lack of
disciplinary and investigatory power coupled with a lack of funding, committee member expertise,
and political support has led to concern over their effectiveness in enhancing police accountability
altogether (Witkin, 2016).

Other accountability-based reforms focus on creating organizational policies to enhance
transparency and address officer misconduct and discrimination. Duty-to-Intervene (DTI) policies
provide officers with the power and security to intervene, interdict, and notify their superiors when
their colleagues (even their superiors) engage in excessive use of force, discriminatory behavior,

or general misconduct (see Jones-Brown et al., 2021). Advocates of peer intervention policies

15 1t should be noted that some civilian oversight boards have the authority to recommend disciplinary measures,
though these are far and few between.
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contend that police agencies can improve officer and civilian safety while reducing the chances of
generating racial disparities in police behavior (Aronie & Lopez, 2017; Taniguchi et al., 2022).
Preliminary empirical evidence supports this assumption, however, observed reductions in officer-
involved deaths and racial disparities in the police force may be temporary (Dawson et al., 2022;
Jones-Brown et al., 2021). One of the main critiques of peer-intervention programs is that they
must be coupled with active bystander training for them to work (Taniguchi et al., 2022). Indeed,
early evidence suggests that such training can increase officer buy-in to DTI policies, however,
their downstream implications for the use of force and racial disparities have yet to be rigorously
evaluated.
Punishment

Those adopting a punitive approach to police reform focus on identifying ways to remove
problematic officers from the sworn police force and deter others from engaging in discriminatory
behavior in the first place. Some have suggested enhancing the legal, financial, and occupational
consequences associated with engaging in problematic behavior. One of the oldest punishment
mechanisms in police agencies involves the dismissal of an officer based on engaging in
disreputable, criminal, or immoral behavior (Kane & White, 2009). An early critique of
dismissal/terminations is that it can be difficult to prevent terminated officers from being hired at
other agencies in the same state (Goldman & Puro, 1987). That is, the problematic behavior
engaged by an officer may be displaced but not eliminated. Accordingly, de-certification measures
have increased in popularity over the years because they prevent the intrastate rehiring problem
that occurs with some dismissals (Atherley & Hickman, 2013). Invalidating an officer’s training
credentials thereby makes them unemployable as a police officer in their commissioning state.

One of the primary limitations of de-certification policies is that they often cannot address
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interstate rehiring issues. That is, they cannot restrict officers from simply earning their
certification and becoming a police officer in an agency from a different state (Atherley &
Hickman, 2013). Another limitation is that there exists heterogeneity in the standards for what is
deemed eligible for de-certification between states, which in turn generates differences in its usage.
For example, in their examination of de-certifications across states, Atherley and Hickman (2013)
find that most (96%) Peace Officer Standards and Training (POST) agencies have the power to
decertify officers based on felonious convictions, whereas just over two-thirds of reporting
agencies decertify on the basis of failure to meet training or qualification requirements.

States also differ in the forms of punishment applied to de-certification cases, with some
allowing officers to reapply sooner than others (if at all). Some have also noted a loophole in the
de-certification process, whereby officers may resign while their de-certification investigation is
pending, which allows them to effectively avoid being de-certified (CCJ, 2021b). Considering the
historical implementation issues with de-certification across states, the International Association
of Directors of Law Enforcement Standards (IADLES) developed the National Decertification
Index (NDI). The goal of the NDI is to provide hiring police agencies with a national database of
license revocations so that the issue of interstate rehiring is effectively eliminated.'® A secondary
goal to the NDI includes the standardization of de-certification reasons and their corresponding
punishments. However, previous estimates of voluntary NDI usage indicate only 30 states report
to the NDI and 22 use the NDI in their hiring procedures, which limits its potential impact
(Atherley & Hickman, 2013). This has led to a dearth of information on its effectiveness for the
reduction of police misconduct more broadly, and racial discrimination in policing in particular.

Another approach to punishment-based reform focuses on rolling back legal protections

16 https://www.iadlest.org/our-services/ndi/about-ndi
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outlined by the qualified immunity doctrine for police officers (and public employees more
broadly) who are tried in civil cases. Qualified immunity protects police officers from civil and
legal repercussions that stem from incidents where the constitutionality of their actions is
questioned. As outlined in Saucier v. Katz (533 U.S. 194), a court must determine (1) whether the
facts alleged or shown by the plaintiff make out a violation of a constitutional right, and (2) if so,
whether that right was “clearly established” at the time of the defendant’s alleged misconduct. The
George Floyd Justice in Policing Act of 2021, which passed in the House but failed in the Senate,
represents the most recent attempt by policymakers to roll back the scope of qualified immunity
in police reform legislation.

Both Campaign Zero and the NAACP contend that qualified immunity can lead to the
protection of racially discriminatory behavior by police officers that would otherwise be
unconstitutional if not for the overly restrictive “clearly established” standards for determining the
unconstitutionality of such actions.!” In response to concerns about racial discrimination in
policing, some states, such as California, Colorado, and Maryland, have begun restricting the scope
of qualified immunity though many remain firm on protecting the doctrine. Moreover, many of
these policy changes are recent and vary in depth, which means they are not yet amenable to
empirical evaluation regarding their effectiveness in reducing racial discrimination in policing.
Training

Training-based reforms focus on enhancing officers’ cultural sensitivity or mitigating their
reliance on implicit/explicit biases. Training-focused police reforms have received considerable
support in recent years with increased awareness of the importance of procedural fairness in

mitigating the harmful effects of aggressive policing—especially against people of color (Nam,

17 https://endgi.org/, https://www.naacpldf.org/qualified-immunity/
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Wolfe, & Nix, 2022; Wolfe et al., 2020). Most recently, training-based reforms were advocated as
part of the George Floyd Justice in Policing Act of 2021, which aptly stated the need for the
Attorney General to establish “a training program for law enforcement officers to cover racial
profiling, implicit bias, and procedural justice.”

Implicit bias training is one popular program that attempts to reduce racial discrimination
in policing. Such training programs were advocated heavily by the President’s Task Force on 21
Century Policing (2015) and continue to be at the forefront of current police reform debates. Bias
training programs attempt to change officers’ attitudes and thinking patterns regarding how they
interact with and treat people of color (CCJ, 2021c). The primary focus is to encourage self-
introspection before, during, and after interactions with people of color to make sure officers are
cognizant of their potential biases and how they may shape their behavior. Adding to this
motivation is evidence that suggests officers’ implicit biases may be dynamic and amenable to
change through training programs (James, 2018).

Despite recent advocacy for bias training, these programs have been implemented across
agencies for quite some time. According to a 2019 survey of 150 large police agencies in the U.S.,
more than 69% had completed some form of racial bias training (CBS, 2019). In one of the few
evaluations of an implicit bias training program, Worden and colleagues (2020) found that the Fair
and Impartial Policing training for the New York City Police Department had very little impact on
officers’ attitudes towards discrimination and their willingness to act without prejudice. They also
found no evidence of any change in racial disparities in police outcomes following the program.
More recently, a study of 3,700 police officers by Lai and Lisnek (2023) also found that bias
training can increase officers’ awareness of their biases following the rollout of an all-day diversity

training program but its impact fades after one month after the training.
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Another program type that has garnered considerable attention following expressed support
from the President’s Task Force on 21% Century Policing (2015) is de-escalation training (Engel,
McManus, & Herold, 2020; Wolfe et al., 2020). Whereas traditional police training programs
emphasize the importance of speeding-up the decision-making process by police officers when
force may be deployed, de-escalation training focuses on slowing it down to convert otherwise
volatile interactions into calmer ones (Engel et al., 2020). Advocates of de-escalation training
programs claim that they can prevent officers from engaging in excessive use of force and may
encourage them to utilize procedurally fair policing strategies, which can have positive
implications for community trust and public safety (McLean et al., 2020). The Council on Criminal
Justice (2021) also reports that this style of training may reduce racial disparities in police force
outcomes.

Evidence in support of de-escalation training programs is sparse but promising. Early
empirical analyses of training programs revealed that officers’ attitudes towards procedurally fair
communication improved after training but showed no evidence of their effectiveness on officers’
behaviors (McLean et al., 2020; White et al., 2021). More recently, Engel and colleagues (2022)
evaluated The Police Executive Research Forum’s (PERF) Integrating Communications,
Assessment, and Tactics (ICAT) de-escalation training in the Louisville Metro Police Department
in 2019 and found several positive impacts on officer attitudes and behaviors. Officers reported
being receptive to the ICAT training, they were more willing to utilize de-escalation tactics, and
this corresponded with reductions in police use of force, officer injuries, and civilian injuries.

Limited evidence in support of de-escalation training may be the result of variations in how
evaluators define and implement their training programs (Engel et al., 2020). Furthermore, the

limited effects of de-escalation training on officer behavior may be the result of a pre-occupation
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with training officers on how to de-escalate situations while failing to recognize that officers need
training on when to de-escalate situations (Wolfe et al., 2020). Enhancing officers’ capabilities to
identify situational cues and respond through effective communication may provide the foundation
necessary for de-escalation training to reap its intended effects on police behavior (McLean et al.,
2020; Wolfe et al., 2019). However, more empirical evidence is needed before definitive
conclusions can be made about its effectiveness in reducing excessive force and racial disparities
in policing.
Enforcement Change

Some police reform efforts focus on shifting away from crime control and order
maintenance models and toward public health approaches that emphasize trauma-informed
strategies for policing. Traffic enforcement has garnered increased scrutiny due to evidence
suggesting that traffic stops, and subsequent ticketing practices, can generate significant racial
disparities (Pierson et al., 2020; Goncgalves & Mello, 2022) and be used as revenue-generating
mechanisms for local municipalities (Department of Justice, 2015; Harris, Ash, & Fagan, 2020).
Further fueling recent concerns about traffic enforcement are campaigns following the wake of
Tyre Nichols, such as the “Stop the Stops” initiative from Vera Institute of Justice, which calls on
policymakers, police agencies, and the public to support various traffic enforcement pullback
reforms.®

Although enforcement-change advocates agree that there must be a change to traffic
enforcement, there is disagreement as to what extent and how it should be changed. Most recently,
attention has been directed towards eliminating the enforcement of low-level traffic violations

(e.q., broken taillight). For example, in a recent TIME article following the death of Tyre Nichols,

18 https://www.vera.org/ending-mass-incarceration/criminalization-racial-disparities/public-safety/redefining-public-
safety-initiative/stop-the-stops
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Johnson and Johnson (2023) advocated for police agencies to pull back their investigatory traffic
stops and pretextual stops to minimize their disparate impact on people of color. Indeed, research
by Roach and colleagues (2022) recently showed that Black drivers were more likely to be
searched and less likely to possess contraband when analyzing several million traffic stops across
multiple states in the U.S. They also found that investigatory stops amplified these racial disparities
for Black drivers. Accordingly, scholars have argued that pretextual stops—traffic stops aimed at
serving a purpose other than the official reason for the stop—are used by police officers to
discriminate against people of color and have low returns on investment for public safety.
Complicating debates on traffic enforcement reform is that there is inconsistent evidence
to support or oppose such pullback efforts. There is some evidence that suggests agency-wide
pullbacks in traffic enforcement can negatively impact traffic safety. In a study by DeAngelo and
Hansen (2014), the authors concluded that traffic injuries and fatalities significantly increased
following a pullback in traffic enforcement due to mass layoffs in the Oregon State Patrol in 2003.
A similarly negative effect of traffic enforcement on traffic collisions exists when examining
increases in traffic citations and tickets. Using municipal budgetary shortfalls as an instrumental
variable, Makowsky and Stratmann (2011) found that increasing the number of traffic tickets
reduced the number of traffic collisions and injuries across municipalities in Massachusetts
between 2001-2003. Most recently, Nix and colleagues (2024) found that large reductions in stops
and drug arrests led to notable increases in violent and property crimes across neighborhoods in
Denver following the aftermath of the COVID-19 lockdown order and the death of George Floyd.
However, other scholars report no negative impacts on traffic safety when agencies
pullback in their enforcement efforts. For example, in their study of over 2,000 police departments

between 2000-2018, Cho and colleagues (2021) found that traffic fatalities and crime remained
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unchanged following significant pullbacks to traffic enforcement and arrest activity following
officer deaths in an agency. Moreover, some have found that re-prioritizing traffic stops away from
low-level infractions and towards more serious offenses may reduce racial disparities and
discrimination in traffic stops and post-stop outcomes. In a study of traffic data from 2013-2016
in Fayetteville, NC, Fliss and colleagues (2020) reported that reprioritizing traffic enforcement
towards crash prevention and away from crime control generated significant reductions in racial
disparities and traffic crashes. Unfortunately, evidence on the impact of targeted pullbacks is quite
limited; thus, the verdict is still out as to whether such reprioritization/pullback efforts are a
valuable police reform approach.

Another style of enforcement change that has received increased interest in recent years is
the use of co-responder models and trauma/crisis-response teams. As described by Lipsky (1980),
police officers are faced with a variety of problems and expectations from their organization and
the public. Police officers’ continually expanding role in serving the public has led to an absorption
of responsibilities they are not normally trained to handle (Thacher, 2022). Accordingly, the logic
follows that agencies can reduce officer workloads and improve outcomes stemming from police-
citizen interactions if they team-up with professionals who are more appropriately trained to
respond to such situations.

Co-responder models work by pairing police officers with mental health service providers
as a secondary response to an ongoing call for service, whereby the co-response team provides
trauma-informed care to reduce civilian stress and improve access to mental health treatment
following the incident (Puntis et al., 2018; Reuland, 2010). Unfortunately, evidence to date in
support of co-responder models is limited, due in part to the novelty of the approach. However, as

described by White and Weisburd (2018), qualitative evidence from co-response teams indicates
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they have promise. They report that co-responder models can positively impact police-citizen
interactions when deployed strategically in crime hot spots and when based on trauma-informed
approaches.

A final approach that has garnered increased attention following a study of traffic ticketing
discrimination by Gongalves and Mello (2021), is to re-assign officers to low-risk settings where
they are less able to discriminate in the first place. In drawing from rational choice-based theories
of organizational misconduct and discrimination in labor markets (Arrow, 1963; Becker, 1968;
Greve, Palmer, & Pozner, 2010), Goncalves and Mello (2021) posit that re-assigning highway
patrol officers in jurisdictions with lower concentrations of minority drivers can reduce the extent
to which they discriminate in their traffic ticketing practices. This aligns with criminological
applications of Clarke’s (1995) theoretical framework on situational crime prevention, wherein
reducing opportunities for offending through access control can help prevent such behavior from
arising in the first place. Indeed, limiting access to prime victims for criminal offending has been
shown to reduce crime (for review, see Felson & Boba, 2010). However, such policies have
received little attention in the realm of racial discrimination in policing, though the preliminary
evidence is encouraging.

Recruitment, Diversification, and Retention

Recent attention among police reform debates is centered on approaches that emphasize
employing (and retaining) high-quality officers to enhance the quality of administering police
services and to generate downstream benefits for public safety and racial justice. Police leadership
is particularly receptive to these types of reforms. For example, when fielded questions about
recruitment and retention during his campaign for Chief of Providence Police Department, Oscar

Perez emphasized the importance of quality over quantity (Lavin, 2023). Similar sentiments were
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reflected in qualitative comments among Illinois Association of Chiefs of Police members as part
of a statewide survey administered by Police One (Wojcicki, 2022). In describing the challenges
to recruitment, agency commenters mentioned issues surrounding the quality of candidates, with
one mentioning “The quality is much poorer” than in years past. This not only reflects the
challenges that agencies face when striving for quality over quantity but also their generally
accepted desire to recruit and retain high-quality officers.

What characteristics define a “high-quality” police officer is open for debate, but some
proponents suggest diversifying the workforce through female and racial/ethnic minority
representation (Ba et al., 2021). For example, the 30x30 initiative advocates for agencies to pledge
they will have 30% of their full-time sworn police workforce as female by 2030.'° Motivating this
sentiment are two important bodies of evidence. First, recent national statistics show that full-time
sworn female officers make up less than 15% of all police officers in local police departments as
of 2018 (Gardner & Scott, 2022). This estimate varies by department size and personnel
assignment, yet female representation remains low relative to their composition in the residential
U.S. population. Full-time sworn non-White officers similarly make up a small proportion of the
police force relative to their composition in the population (Gardner & Scott, 2022).

The second piece of evidence pertains to the empirically identified benefits associated with
having a more diverse police workforce. Evidence from a meta-analysis showed that female
officers were consistently less likely to use force during civilian encounters (Bolger, 2015), while
other studies reported females as less likely to use excessive force when any force is required
(Schuck & Rabe-Hemp, 2005) and generate lower complaint rates relative to their male colleagues

(Gaub, 2020). A recent study by Ba et al. (2021) also found that female officers in the Chicago

19 https://30x30initiative.org/
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Police Department from 2012 to 2015 were less likely to use force against non-White civilians
compared to their male colleagues despite conducting similar rates of stops involving non-White
civilians. Scholars theorize that these positive associations with police outcomes may be due to
female officers being better at using “soft” skills, thereby making them better communicators in
the field and better equipped to de-escalate situations when they have the potential to become
volatile (McCarthy, 2013; Schuck & Rabe-Hemp, 2005; Todak & James, 2018).

Evidence in support of racial diversification is less consistent. Informing racial diversity
reforms are theories of symbolic representation and representative bureaucracy, which posit that
non-White officers may be better at improving police-citizen relations by providing equitable
policing because they can understand and address civilians’ life situations when they are of a
minority background (Theobald & Haider-Markel, 2009). More broadly, this suggests that police
officers, as street-level bureaucrats, would be better at tending to the needs and interests of their
social counterparts if they were to reflect their racial composition (Riccucci et al., 2014). In support
of these hypotheses, Ba and colleagues (2021) reported that Black officers in the Chicago Police
Department conducted fewer stops, arrests, and use of force involving non-White civilians than
their White colleagues. Hoekstra and Sloan (2022) similarly found that White officers are more
likely to escalate their levels of force in racially diverse neighborhoods when compared to non-
White officers. Others have found that Black officers are less likely to provide discounts in their
traffic ticketing practices when compared to White officers (Goncalves & Mello, 2021).

However, some evidence suggests that Black officers may be more likely to arrest non-
White civilians compared to White officers (Brown & Frank, 2006). More recently, Headley and
Wright (2020) found that Black officers from the New Orleans police department were less likely

to scale-up force against Black civilians but more likely to arrest non-White civilians in police-
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citizen encounters. What may be contributing to inconsistent evidence is the fact that civilians are
more likely to see some Black officers as no different than their White colleagues (Benton, 2020;
Brunson & Gau, 2014). That is, hiring a more diverse set of full-time sworn police officers may
be important for representative bureaucracy, but it fails to consider the social context in which
police-citizen relations are situated (Brunson & Gau, 2014). Accordingly, it may be that
diversification policies need other reform measures to enhance their potential for enabling change,
potentially through accountability, training, or punishment mechanisms to ensure changes are
organizationally focused and culturally motivated.
Summary

Police reforms that have been empirically tested, such as civilian oversight boards, implicit
bias trainings, and crisis-response teams, vary in their area of focus but share an unfortunate reality.
Most of these reforms do not have clear and consistent evidence to support their implementation
as an effective way to reduce discrimination and disparities in policing. Those that remain untested
share a related yet distinct reality: police agencies are more likely to adopt police reforms that
others have already adopted, but they are far less likely to try something entirely new (Adams et
al., 2022). Whereas the former issue is a matter of testing the continued existence of such reforms,
the latter reveals a much grimmer outlook for empirical research and one that remains a difficult
challenge for current police reform. How then do researchers test police reforms if agencies do not
formally implement them?

Fortunately, there are ways to explore questions about police reforms, such as
diversification policies, without finding the natural experimental setting where a situation
conducive to evaluation exists. For example, recent empirical research utilizing econometric-

informed techniques has conducted policy simulations that depict the implementation of a policy
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without actually doing so (e.g., Chalfin & Kaplan, 2021; Gongalves & Mello, 2021; Hoekstra &
Sloan, 2023). Their results are informative, replicable, and rooted in causal inference. Despite their
potential for informing current police reform debates, few have conducted such analyses as they
relate to reducing racial disparities in policing. This is concerning given the increasing demand for
evidence-based policing and calls for data-driven police reform (Ridgeway, 2018; Sherman, 2013).
In the next section, | draw on these insights to describe the foundation for my study and its
implications for the advancement of evidence-based research on racial disparities in policing.
Current Study

At the beginning of this chapter, I reviewed the conceptual challenges that researchers face
when investigating the potential presence of racial discrimination and disparities in policing.
Complicating matters is that these unique concepts have distinct causal mechanisms, which are
difficult to empirically distinguish—Ilet alone identify—with leading research methods. Despite
these differences, racial discrimination and disparities in policing share a host of indirect public
health and safety consequences for people of color.

National dialogue on police reform has contributed to several solutions to racial disparities
in policing such as enhancing police accountability, training efforts, and even diversifying the
sworn workforce. However, very few of these reforms have been extensively and rigorously
evaluated. Making matters worse, some agencies may be apprehensive about adopting such
reforms due to a lack of adoption elsewhere (Adams et al., 2022), which may impede ongoing
efforts to enhance racial justice.

For the etiology of racial disparities and discrimination in policing to grow and instigate
positive change, there needs to be a push for more research that assesses the effectiveness of policy

interventions on racial disparities rather than primarily identifying them. This is not to suggest
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scholars disregard the importance of studying how to identify racial inequalities in policing.
However, scholars must begin to consider identification and remediation in the same breath when
studying racial disparities in policing. This will go a long way in connecting the dots between
where the state of the research is and where it will be in the future.

The current study provides a first step in that direction. Before doing so, | outline the
theoretical motivations and empirically backed justifications for why | used my identification
strategy for racial disparities in policing, and why | chose to assess specific policy questions upon
identifying such disparities. Providing a transparent connection between identification and
remediation is critical from a methodological perspective because it ensures that they operate at
the same levels of analysis when responding to racial disparities in police behavior. Put simply, |
need to make sure that the solution fits the scope of the problem. It also highlights the importance
of theory and its implications for policy and practice by providing context on why | would expect
specific identification strategies to inform different reform strategies.

Knowing which identification strategies work best for specific policy interventions also
has practical relevance. Academics bear the important responsibility of translating their research
into practice (Lum & Koper, 2017). Providing policy makers and police leaders with a direct
connection between how to identify disparities in police agencies, and what interventions to use
based on that process and level of analysis is critical to successful reform efforts (Lum, 2009).

This study aims to build upon ongoing research on racial inequalities in policing by
providing evidence of its existence in the Chicago Police Department (CPD) from 2012-2015, and
to what extent it is associated with factors related to diversification reforms and officer re-
assignment initiatives. The first step of the analysis, identification, involves investigating the

potential presence of racial disparities in the CPD at an officer-level. Unlike past research, which
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has conducted tests of disparity at an aggregate level, this study seeks to identify which officers (if
any) engaged in racially-disparate police behavior. Motivating the use of the internal benchmark
procedure is the fact that police officer misconduct can be concentrated among a few officers in
the agency (including CPD) (Chalfin & Kaplan, 2021; Christopher, 1991), and this can be true for
racial disparities in traffic stop behavior as well (Ridgeway & MacDonald, 2009). More generally,
this stems from a rich history of criminological research that has shown that a small number of
offenders produce a large proportion of crimes reported to the police (Wolfgang, Figlio, & Selling,
1972). Accordingly, if the problem is concentrated among a few officers, the internal benchmark
approach offers the best chance of uncovering the problem.

Using the internal benchmarking approach to identify disparities in the CPD offers a natural
segue into what kinds of policy interventions can potentially address the problem as well. The
internal benchmark approach will provide a list of officers that conducted a significantly high (or
low) proportion of stops involving non-White civilians relative to their peers in the same times,
places, and contexts. Accordingly, policy interventions premised on diversification, re-assignment,
or training must be applied to individual officers given that disparities were identified at that level
of analysis. And while most interventions can be tailored to at-risk officers, there are a set of costs
associated with singling officers out for intervention. These costs range from financial burdens
associated with training programs to legal and climate concerns associated with punishing or
enhancing the supervision of specific officers.

Scholars must, therefore, consider evaluating those policies that stand the best chance of
being adopted given the scope of the problem that was determined by the method of identification.
Arguably the most desirable officer-level interventions are those that incur either no costs to an

agency’s officers or only induce costs directly to the agency. For example, diversification
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interventions have no direct impact on those officers who were identified as problematic but will
incur direct financial costs to the agency through recruiting, hiring, and retaining a more diverse
set of officers. Similarly, changes to patrol and shift assignments may inconvenience officers but
they do not incur a financial burden to the agency.

Each policy has ample theoretical foundations to support hypothesis testing, which is
critical to understanding why such policies may succeed (or fail) in the following analyses.
Diversification policies draw on theories rooted in representative bureaucracy, thus hypothesizing
that having a more diverse and representative workforce will reap tangible reductions in racially-
disparate police behavior. Similarly, re-assignment policies rooted in situational crime prevention
and rational misconduct in organizations would hypothesize that officers’ racially-disparate
behavior should become less prevalent in contexts where there are fewer opportunities to
perpetuate such behavior. Accordingly, these stand the best chance of being deployed following
the internal benchmark analysis given their potential costs and theoretical basis.

In the second step of the analysis, | draw from theoretical and empirical research on racial
and gender diversification in the sworn police workforce to determine whether indirect evidence
exists to support the hypothesis that such reforms can reduce racial disparities in policing by
promoting more racially equitable behavior. Both gender and racial diversification policies assume
that enhancing agency representation can improve police-citizen relations because officers can
better tend to the needs and interests of their social counterparts if they more closely reflect their
demographic composition (Riccucci, Van Ryzin, & Jackson, 2018). Gender diversification
theorists further posit that female police officers may be better communicators and thus reap
downstream implications when they use force, particularly against people of color (e.g., Ba et al.,

2021). Using this information, I construct a dataset of at-risk officers who were previously found

57



to have engaged in racially disparate behavior. I compare behaviors engaged by these at-risk
officers to subsets of officers who were not found to engage in disparate behavior by their race and
gender. After making these comparisons, | explore whether female and Black officers have less
racially-disparate police behavior than their racial/gender counterparts.

| then explore an alternative approach to addressing racial disparities in policing by
assessing whether officers’ disparate behavior can be modified based on the racial composition of
the police beat they are assigned to work. Officer reassignment policies build on situational crime
prevention propositions to suggest that placing officers in low-risk settings can help agencies
potentially mitigate their racially-disparate police behavior. More generally, they assume that
officer behavior is influenced by the racial composition of where they work. Accordingly, | test
this assumption to see whether there is any indirect evidence in support of this. In the next chapter,
| discuss the data analyzed in this study, the research design used to frame the analyses, and the

empirical procedures used to carry out these analyses.
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CHAPTER 3: DATA AND METHODS
Background

Research on racial inequalities in policing has recently shifted attention to more micro
levels of analysis to understand how such behavior manifests among individual officers and their
peers. This shift corresponds with a growing body of evidence that suggests racially-disparate
behavior may be concentrated among a few “bad apples” in a police agency (Goncalves & Mello,
2021; Ridgeway & MacDonald, 2009). While this lends support to a widely contested idea
surrounding racial inequalities in policing (Abraham, 2023; French, 2023; Shoub, 2023), few
methods in this area of research are readily capable of testing the validity of the argument.

The internal benchmarking approach offers researchers one method to probe racial
disparities at an officer level; however, it is not without its limitations. Some limitations are related
to methodological shortcomings with its design while others are related to data used in the
approach. To better understand these limitations, consider how one might conduct an internal
benchmark analysis in an ideal research setting. Analysts would compare the racial distribution of
stops involving non-White civilians by an officer in question with the racial distribution of stops
conducted by other officers in the agency. Stops conducted by the officer in question comprise the
treatment condition, and all stops made by their peers comprise the untreated condition. If each
stop had an equal probability of being conducted by the officer in question and their peers, the
treatment effect is identified through a binary response model of the form:

Pr(Nonwhite = 1|t) = B, + B Treatement + ¢ Equation (1)
where (3, estimates whether there are significant differences in the probability of a stop involving
a non-White civilian between an officer in question and their peers. Here, a “bad apple” constitutes

an officer in question whose probability of conducting a stop that involves a non-White person is
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significantly different from their peers based on a standard two-tail null hypothesis test.

Unfortunately, the basic internal benchmark analysis operates on a heroically unrealistic
assumption about policing: civilians at any given time and place are equally likely to be stopped
by the officer in question as they are to be stopped by other officers in the agency. In other words,
the chances of being stopped by the treated officer or their peers are as good as random. The reality
is that police officers in an agency will have different assignments and work different shifts within
them, which makes it difficult to compare officers on a one-to-one basis. Within these shifts and
assignments, officers may also exhibit micro-level variation in where and when they choose to
interact with civilians.

More broadly, this issue of comparability indicates an important causality problem with
the basic internal benchmark analysis: there is a difference in the propensity to be treated, and this
difference may be due to factors that are jointly related to the probability of a stop involving a non-
White citizen in the first place. When these confounding factors are unaccounted for, the internal
benchmark analysis will yield a biased estimate of ;.

Fortunately, Ridgeway and MacDonald (2009) proposed a matching procedure that
accounts for the unique variation in each officer’s stop behavior and the potential confounders
related to the race of a civilian in a stop to improve the internal benchmark analysis. This broadly
involves matching an officer’s stops to stops conducted by their peers based on when, where, and
under what contexts they take place to relax concerns of comparability and induce an evaluation
based on common circumstances. However, this matching procedure involves incorporating
extremely detailed data that most police agencies are not readily capable of providing, such as
information on officer demographics, shift assignments, misconduct records, and enforcement

activity. Data accessibility issues may be due to challenges with obtaining and manipulating data
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in their record management systems, legal resistance to providing any identifying information
about their employees, or more political reasons. However, when such data are readily available,
Ridgeway and MacDonald (2009) make a compelling case for why and how their improved
internal benchmark analysis can help agencies determine whether any of their officers are
responsible for racially-disparate behavior.

The current study seeks to build on Ridgeway and MacDonald’s (2009) work by utilizing
a rich source of data that comes from the Chicago Police Department (CPD) to provide an
empirically robust internal benchmark analysis and assessment of policy-relevant questions. These
data are advantageous for three reasons. First, multi-behavioral assessments are needed yet lacking
in current research on racial disparities in policing (Neil & Winship, 2019). This study builds on
past research by measuring racial disparity through two common forms of police behaviors: stops
and arrests. Findings from this multi-behavior assessment will provide a more concrete
understanding of the extent and nature of racial disparities in the agency.

Second, these data provide an exceptionally high level of detail about officer activity,
which supports robust officer-to-officer comparisons when incorporated into the internal
benchmark analysis. Recall that Ridgeway and MacDonald’s (2009) primary advancement to the
internal benchmark analysis involves creating customized internal benchmarks that match each
officer’s stops based on when, where, and in what context they take place. Fortunately, data for
this study includes information on where officers chose to engage civilians and important shift
assignment information. Information about their patrol assignments, such as what shift they were
assigned to in a beat, and when their stops and arrests took place were also readily available in the
data for this study. This information helps maximize the improvements to the internal benchmark

analysis proposed by Ridgeway and MacDonald (2009) to provide a robust racial disparity
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analysis.

Apart from leveraging the advantages of highly detailed data and an improved
methodological design, the internal benchmarking approach boasts high external validity. Unlike
natural or classical experiments, which can be set in unrealistic or rare settings (e.g., shoot/don’t
shoot experiments) and/or analyze uncommon outcomes/behavior (e.g., ticket discounts, shoot
button pressing), internal benchmarks analyze routine police behaviors in real-world settings with
readily apparent consequences. In addition, growing empirical evidence suggests that a nontrivial
proportion of an agency’s misconduct, disparity, and force problems may be concentrated among
a few officers (Chalfin & Kaplan, 2021; Sherman, 1978; Walker et al., 2001); thus, marrying an
empirical approach to this reality is both realistic and theoretically relevant.

The next section provides an overview of the data analyzed in this study. Here, | describe
three versions of the data. All raw datasets coming from their original source are referred to as
“original datasets.” These original datasets are not publicly accessible; however, they were pre-
processed by a team of researchers and their data collection team to construct a series of “general
use datasets” that are publicly available. All data sampled in this study come from these general-
use datasets and comprise the “analyzable datasets.” In the following section, | begin by describing
the data sources from which the original datasets were created. In so doing, | explain how the
original data were collected and how | obtained the general-use datasets. | then discuss how the
original datasets were merged by the primary data collection team and structured as general-use
datasets, paying particular attention to their levels of analysis. | also discuss how | cleaned the
general-use datasets and merged them to construct the analyzable datasets for the analyses in this

study.
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Original Dataset Sources

The general-use datasets were prepared by Ba and colleagues (2021). | gained access to
these datasets personally through permission from Dean Knox and Jonathan Mumolo, who were
responsible for data collection in collaboration with the Invisible Institute and Lucy Parsons Lab.
These organizations are registered 501(c)3 non-profits that seek to enhance police accountability
by providing publicly accessible data on various police behaviors and law enforcement
surveillance programs in the city of Chicago.

As part of a data sharing agreement, all data analyzed in this study come from the general
use datasets, which are publicly available through a data repository, CodeOcean, which is hosted
by the Research on Policing Reform and Accountability lab.?° As such, the analyzable datasets in
this study do not represent the original datasets as they were passed through a cleaning and merging
process by Ba and colleagues before becoming publicly accessible. More details on this process
will be described shortly.

The original datasets span five sources. Original data containing officer demographic
information come from: (1) rosters of all available current and past Chicago police officers up to
2018; and (2) unit history data for individual officers from 1930 to 2016. These data were released
following a series of open-records requests to the Chicago Police Department (CPD), Chicago
Department of Human Resources, Chicago Office of Police Accountability, and the Illinois Office
of the Attorney General. The requests were made by a team of researchers and the Invisible
Institute, which were fulfilled after civil litigation (Kalven v. City of Chicago, 2014). The case held
that documents related to allegations of police misconduct are public information in the state of

Illinois. This led to a watershed movement regarding data availability on Chicago police officers

20 https://policingresearch.org/
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as well. Studies analyzing these data have featured in prominent outlets across disciplinary fields
and bear important implications for the study of policing (Chalfin & Kaplan, 2021; McCarthy et
al., 2020; Rozema & Schanzenbach, 2019).

The original dataset on officer shift assignments comes from CPD’s automated Daily
Attendance and Assignment sheet for each district spanning 2012-2015 while an original arrest
dataset comes from CPD’s internal data; each dataset was produced through a series of FOIA
requests made by the data collection team. The original stops dataset was provided by the Lucy
Parson’s Lab, which collected “Stop, Question and Frisk™ data through a series of FOIA requests
to the CPD between 2012 and 2015.

General Use Dataset Preparation

In preparation for their study, Ba and colleagues (2021) merged the original datasets to
create what they refer to as “activity profiles” for officers in the CPD. The goal of their merging
procedure was to identify the demographic makeup of an individual officer and track their behavior
(i.e., stops, arrests, uses of force) over four years based on what patrol assignments they worked
from 2012 to 2015. This involved merging the roster and unit history datasets for individual
officers to the assignment data, which were then merged with the stop and arrest data. As described
by Ba et al (2021), each file was merged based on identifying information such as an officer’s birth
year, race, and gender or other characteristics (name, badge, appointment date, current unit).
Before merging, this information was used to de-duplicate data within each dataset based on inter-
file unique identifiers. The merging process followed by having officers in each dataset repeatedly
merged on the identifying characteristics, whereupon any successful one-to-one match was then
removed from the next merge attempt. The original datasets were thus consolidated into four

general-use datasets (i.e., officers, assignments, stops, and arrests) that are linked through a unique
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officer identifier that they created after the merging process.
General-Use Dataset Structure

Each general-use dataset created by Ba and colleagues (2021) has its level of analysis
corresponding to a logical observation in the dataset. For example, the “officers dataset” is
measured at the officer level and contains information on each officer’s race, appointment date,
resignation date, gender, and Spanish-speaking ability. The “assignment dataset” is measured on
an assignment-by-assignment basis, with each row corresponding to a unique assignment. Each
assignment contains information such as what beat, shift, and date the assignment corresponds to.

The “stops dataset” is measured at the stop level, meaning that each stop incident has at
least one stop per officer involved in the incident. Chicago patrols are commonly conducted in
officer pairs; thus, stop incidents frequently involve more than one stop observation. According to
the general use dataset on stops, over 79% (N = 756,246) of the 946,912 stop incidents had two
officers involved, whereas the remainder involved a sole officer.?? The stop data includes
information on who was the leading officer in a stop, where the stop took place (latitude,
longitude), what form of contact the stop took (traffic, pedestrian) when it took place, and what
the race and gender of the stopped civilian was.

In contrast, the arrest data do not indicate the primary arresting officer, however, over 95%
(N = 157,067) of the 164,802 arrest incidents involved two officers according to the general use
dataset on arrests.?? Arrest data include information on what type of crime led to the arrest (e.g.,

violent, property, drug), the statute listed for the arrest (e.g., warrant, domestic battery), where and

2L Recall that these data come from “Stop, Question and Frisk” data provided by CPD. Therefore, it represents a
subset of all stops officers made in the CPD during this time. Whether other forms of stops outside this dataset
involved more than 2 officers is unknown but certainly possible.

22 The remaining 4.7% of arrest incidents (N = 37,876) were conducted by a single officer, and one incident was
conducted by four officers.
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when the arrest took place, and what the gender and race of the arrested civilian were. The
following section discusses how these data were filtered and prepared to create the analyzable
datasets in this study.
Analyzable Dataset Preparation

I merged the general-use datasets according to their unique officer identifiers to create two
analyzable datasets for the internal benchmark analysis, one for each set of officer behaviors: a
stop-level dataset and an arrest-level dataset. Each logical observation in these datasets
corresponds to a stop or arrest made by an officer in the CPD, which contains information on when
(date of incident, time of incident), where (latitude, longitude), and under what circumstances these
behaviors occurred (beat assignment, stop type). Multiple sample restriction criteria were
incorporated into this process to prepare the general-use datasets as the analyzable datasets for this
study.
Beat Patrol Assignments

One of the unique features of CPD’s patrol assignment process is that officers are
designated to both standard and nonstandard beats for an assignment. As seen in Table 6, roughly
half of all assignments involve officers patrolling in a standard beat that corresponds to a
recognized administrative boundary on CPD maps. For example, officers are regularly assigned to
beat number 0122, which corresponds to CPD’s district 01, sector 02, and beat 02. This spans
roughly 0.75 square kilometers, is in the heart of Chicago’s business district, and covers some of
its most famous buildings including the Willis Tower, Rookery Building, and Chicago Board of
Trade Building.

Within this beat location, officers may be given either a regular patrol task “0122” or a

relief patrol task with a designated suffix “0122R.” For a complete breakdown of these
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assignments, see Table 5. Relief assignments are for officers working the first shift (often referred
to as “First Watch” internally) in this beat whereas second and third shifts are designated as
standard patrol assignments. In both cases, these assignments were included in the data to ensure
officers are fairly compared against one another based on where and what shift they work. Beat
codes for both standard and non-standard assignments can also include an assigned suffix from the
phonetic alphabet (i.e., A, B, C, D) for officers who are working in a squad that rotates based on
the CPD operations calendar.

Table 5. Patrol Assignments by Beat Location

Beat Location N %
Standard Location
Regular Patrol 976,293  27.70%
Relief Patrol 827,668  23.50%
Nonstandard Location
Regular Patrol 2,245,927  63.80%
Desk Duty 297,298 8.40%
Total 3,519,518

Patrol assignments can also designate officers to nonstandard beat locations, where no such
official documentation exists of their exact whereabouts. As described by Ba and colleagues
(2021), nonstandard beat locations may be drawn for administrative or community-based needs
such as community meetings. These nonstandard beat locations also receive patrol assignments on
a similarly frequent basis, thereby representing a unique set of places where CPD officers routinely
interact with residents. It is for this reason that assignment data in these nonstandard beat locations
were included in the analyses. A small proportion of assignment data also contain “desk duty”
assignments that correspond to a nonstandard beat location with a suffix “02” (e.g., 1402). These
assignments were omitted from the analysis as they did not pertain to true patrol assignments and
made up a small proportion of all assignments (N = 297,298, 8.4%). Collectively this beat

assignment information was used for operationalizing assignment information, which will be
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described in more detail shortly.

Another unique feature of the assignment general use dataset is that there is a field
indicating what rank the officer is for each assignment. This is particularly valuable as the internal
benchmark analysis is premised on comparing officers who engage civilians based on common
circumstances, one of which is their rank. Accordingly, all 2,809,920 (87.6%) of the 3,261,698
assignments designated for a “Police Officer” were retained in the analyzable dataset while the
remaining 451,778 assignments were dropped to enhance comparability. Of these dropped
assignments, the majority (61.1%, N =275,869) were designated as “Sergeant” assignments while
the remaining were slated for special tasks or ranks (e.g., Chief, Detective, Field Training Officer,
Commander, Helicopter).

Stops and Arrests

According to the general use datasets, there were 946,912 unique stop incidents and
164,802 unique arrest incidents, many of which had two officers in each incident. These data were
cleaned such that there is only one officer tied to each stop/arrest to ensure the internal
benchmarking analyses do not compare stops/arrests made by an officer in question to the exact
same stops/arrests that were made by their fellow officers involved in the same incident.

For the stop data, this simply involved retaining only the officer whom the data had
designated as the primary stopping officer. This led to a reduced sample of 940,693 stops.
Information on which officer was the arresting officer was not available in the arrest data. For each
arrest, | randomly assigned one of the officers involved in an arrest as the primary officer who
made the arrest. Randomly assigning officers in this way ensures | do not introduce any systematic
bias into the data by safely assuming that an officer’s decision to arrest a civilian was shared

equally between them and their partner(s). This led to a reduced sample of 164,801 arrests. Upon
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merging the officer assignment information that corresponds to the officer who made a given
stop/arrest, the sample of stops was reduced to 789,901 stops and 132,520 arrests. These reductions
were attributable to missing assignment information for the officer on the day on which they made
a given stop/arrest.

In preparation for the internal benchmark analysis, three sample restriction criteria were
applied to the stop and arrest data. First, all stops and arrests conducted by personnel that were not
deemed “Police Officer” were removed from the analyzable dataset of stops and arrests. This was
a restriction criterion that carried over from the assignment dataset. Second, all unique incidents
involving limited officer discretion when choosing to engage a civilian were omitted from the
analyzable datasets. In the stops dataset, this included any stop incident resulting from the CPD’s
Repeat Offender Geographic Urban Enforcement Strategy (ROGUES) (0.01%, N = 68).% For the
general use dataset on arrests, this included omitting any arrest incident stemming from a warrant
(11.86%, 15,727), failure to appear in court (0.49%, N = 646), and out-of-state warrant (0.33%, N
= 436).

Lastly, officers who conducted less than 50 stops or arrests over the course of the entire
study period were omitted from the analyzable dataset of officers. This was informed by Ridgeway
and MacDonald (2009), who stated that such a restriction is necessary to reach the bare minimum
statistical power required for the internal benchmark analysis to follow. A power analysis was
conducted using Stata 18 to further determine the risk of low statistical power. As displayed in
Figure 1, the requisite number of stops or arrests increases as the number of covariates included in
the internal benchmark analysis increases. The number of covariates will not exceed 50 given the

variables included in the analyses conducted for this study, though this may vary in other study

23 Interestingly, no publicly available documentation exists on this program. As such, it was omitted from the
analyzable dataset.

69



settings. In contrast, the requisite sample size decreases as the anticipated effect size increases.
Assuming a standardized effect size for the internal benchmark analysis wavers between 0.1 and
0.2, and the number of covariates wavers between 10 to 50, | need between 35 and 70 stops/arrests
to achieve desirable statistical power. Not surprisingly, the average of these two values yields an
estimated sample size of 53, which roughly aligns with Ridgeway and MacDonald’s (2009)
original recommendation. For consistency, | use the same 50 stop/arrest cutoff given the
supporting results of the power analysis.

Figure 1. Estimated Sample Size for Internal Benchmark Analysis
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After sample restrictions, this resulted in an analyzable sample of 3,959 officers based on
stop data and 398 officers based on arrest data. The 3,959 officers based on stop data make up
about 63% of all 6,290 officers in the general use dataset on stops before any data cleaning. The

398 officers make up about 7% of all 6,015 officers in the general use arrest dataset as well. Based
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on these data, CPD officers conducted, on average, 170 stops, with some officers having conducted
as many as 1,574 stops over the four years. CPD officers conducted an average of 74 arrests during
these four years, with some having conducted as many as 244. Importantly, these estimates do not
represent the stop and arrest totals for all officers in the CPD; they are based on the analyzable
data after excluding low-discretion stops and arrests, officers listed as anything other than “Police
Officer” on their shift assignment, and officers that did not conduct more than 50 stops/arrests.
More details on the comparability between these samples and the general officer population of
CPD will be discussed in the next chapter.
Beat Boundaries and Racial Composition

Like other large metropolitan police agencies, CPD is ecologically designed around the
contours of the city and variations in public need. As shown in Figure 2, police districts represent
the largest set of geographical boundaries, which are composed of several sectors, and then a set
of smaller police beats. As depicted more closely in District 9 of Figure 3, CPD districts have
several police beats, each of which varies in shape and size. While Chicago is a racially diverse
city, Figure 4 shows that there are varying concentrations of racial/ethnic minority populations

within and between police beats and districts at a block-group level.
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Figure 2. Map of Chicago Police Districts and Police Beats (2012-2015)
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Figure 3. Map of Chicago Police District 9 Police Beats (2012-2015)
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Figure 4. Racial/Ethnic Distribution of Chicago Residents
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Accordingly, while it is important to account for differences in what beat assignments
officers receive when comparing their behavior, no racial disparity analysis is truly fair in Chicago
without also accounting for variation in racial composition at a more micro level. Fortunately, most
data on officer stops and arrests have associated geographic coordinates for each incident, which
means that incidents can be linked to what block group they occurred in. Those without such
information were dropped from the analyzable datasets.?* This required dropping an additional

36% of arresting officers (N = 151) who did not have at least 50 arrest incidents with geographic

24 Approximately 81% of arrests and 85% of stops have coordinate data.
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coordinates, which resulted in a final analyzable sample of 261 arresting officers. Meanwhile, an
additional 8% of stopping officers (N = 319) dropped due to not having at least 50 stop incidents
with geographic coordinates, resulting in a final analyzable sample of 3,640 stopping officers.

Accordingly, in this study, racial variation in the risk set of those most likely to come into
contact with the police is measured at the block group level. Incorporating information on officers’
beat assignments and the block group where they stop or arrest civilians will provide fairer and
more accurate officer-level racial disparity analyses. All block group level data measured in this
study come from the U.S. Census American Community Survey 5-year estimates (2015). How
these data are used in the disparity analyses is outlined in the analytic strategy section to follow.
The Internal Benchmark Analysis

The analysis begins by estimating racial disparities in police behavior among individual
officers in the CPD using the internal benchmarking approach originally proposed by Walker
(2001) and advanced by Ridgeway and MacDonald (2009). Accordingly, this study follows
Ridgeway and MacDonald (2009) by combining three statistical methodologies to construct valid
internal benchmarks and thus determine which officers—if any—are potential bad apples. Each
step is outlined in Table 6.

Table 6. Steps to the Internal Benchmark Analysis Steps

Step Description Reason Result
1 Matching Induces an apples-to-apples Each officer has a matched
comparison setting. benchmark of stops/arrests

based on stops/arrests
engaged by their peers in
similar times, places, and

contexts.
2  Doubly Robust  Estimates bad apples while Provides preliminary dataset
Estimation removing residual bias and variance  of at-risk officers for racial
in the matched benchmarks. disparity.
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Table 6. (cont’d)

3  False Discovery Shrinks the risk of False Positives Provides final dataset of at-
Rates (Type-I Error). risk officers.

Creating the Apples-to-Apples Setting: Propensity Score Matching

The first step in the analysis involves creating an internal benchmark dataset for each
officer in the agency that consists of stops/arrests made by other officers in similar times, places,
and contexts.? Accordingly, the internal benchmark works by effectively comparing stops made
by an officer in question with stops made by other officers. Internal benchmarks are customized
for each police officer by matching the joint distribution of characteristics of stops (i.e., location,
time of day, month) conducted by an officer in question with the joint distribution of characteristics
of stops made by other officers in the agency. Matching stops by the joint distribution of their
temporal, environmental, and situational characteristics ensures that the behavior of an officer in
question can be fairly compared against other officers while accounting for important variations
in where and when they engage in such behavior. Accordingly, the matching procedure reweights
stops of the internal benchmark to make their distributions comparable with those of stops
conducted by an officer in question:

fEjt=1) = wX)f (x|t =0) Equation (2)

where X is a vector of stop characteristics (e.g., location, time of day, month), tis a binary indicator
for a stop involving the officer in question, and w(x) is the weight function, for which I solve so
that the characteristic distribution of stops by the officer in question is equal to the distribution of
the benchmark stops.

Equalizing the characteristic distributions of stops through a weight function, w(x), creates

% For sake of brevity and clarity, | refer to stops as the primary outcome in the analysis. However, arrests are also
examined.
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a feasible casual inference model, whereby the racial distribution of stops by an officer in question
can be compared against their internal benchmark dataset.?® For example, | can compare the
percentage of stops involving Black civilians for an officer in question to their benchmark dataset
of stops only once that benchmark has its stops weighted so that they “appear” quite similar to
those conducted by the officer in question. The only other remaining difference between these two
stop distributions is whether the stops were conducted by the officer in question, which is reflected
by the treatment indicator to create an empirically robust estimate of racial disparity.

In following Ridgeway and MacDonald (2009), the weight function can be estimated by
first estimating the propensity score for treatment. The propensity score is estimated using a
regression model for binary dependent variables, such as logit and probit models (Long, 1997). In
this study, a logistic regression model estimated the propensity of being treated given the
characteristics of a stop:

exp (xB) Equation (3)
1+ exp (xp)

Pr(t =1lx) =

When selecting covariates x to predict treatment assignment, Ridgeway and MacDonald

(2009) suggest including stop features such as month of year, time of day, day of week, beat

assignment, and other characteristics to capture anything that might determine if a stop was

conducted by the officer in question (i.e., treatment assignment) that is also jointly related to the
stop involving a non-White citizen.

In this study, I included temporal, ecological, administrative, and situational variables in

the matching models. Temporal variables include the month, day, and hour in which a stop/arrest

took place. These variables were measured continuously because the matching models use a

26 This hints at the conditional independence assumption in matching methods, which assumes that treatment
assignment (whether a stop is conducted by the officer in question or their peers) is as good as random given a set of
observed variables (Rosenbaum & Rubin, 1983).
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nonparametric approach to determine the functional form of their relationship with treatment
assignment. In other words, measuring these variables continuously allows the estimation
procedure to flexibly match the distribution of each variable between the officer in question and
their benchmark dataset. This should generate a smoother covariate balance between the officer in
question’s stops and their internal benchmark.

Ecological variables include what district an officer was assigned to, where the stop took
place and the level of concentrated disadvantage in the surrounding area. Specifically, stops were
compared based on their exact geographic coordinates from which they occurred. Measures for
which block group and the level of concentrated disadvantage of that block group are included as
covariates as well given that | can track where each stop/arrest occurred exactly in Chicago. Here,
concentrated disadvantage was measured as a factor score using principal-axis factoring based on
the following items: percent of the residential population below the poverty line, percent on public
assistance, percent unemployed, percent of female-headed families, and percent Black or African
American (Sampson et al., 1997).

To account for potential variations in what duties officers were performing on patrol, two
administrative variables were included in the matching models. The first, police beat type, is
measured dichotomously as whether an officer was assigned to work in a standard or non-standard
beat location. As mentioned above, non-standard locations may involve specialized patrol
assignments or duties that otherwise would not be identified in standard beat locations. The second
variable, operations calendar code, identifies what squad rotation an officer was working on a
specific assignment. These assignment codes are attached to 39% of all assignments, with each
code denoted by a phonetic alphabet letter (A, B, C, D...). Including this categorical measure in

the models will help account for potential variations in assignments that are attributable to what
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rotation an officer works in CPD’s operational calendar.

Lastly, I included a measure for stop reason that officers provided when conducting a stop
and the type of arrest an officer made. The stop reasons take on five broad categories in part due
to variations in agency-based codes (traffic stop, suspicious person, investigatory stop, gang-
related, other), which will help account for the confounding influence of why officers made stops
in the first place when conducting the internal benchmark analysis. The arrest reasons were coded
into 5 categories as well (violent, drug, property, traffic, other). Table 7 provides a complete list
of the stop characteristics, X, incorporated into the propensity score model.

Table 7. Features for Propensity Score Matching Model

Feature Measurement
Temporal
Month of Year Continuous
Day of Week Continuous
Time of Day Continuous
Ecological
Police District Categorical
Block Group Disadvantage Continuous
Latitude and Longitude Continuous
Administrative
Police Beat Type Dichotomous
Operations Calendar Code Categorical
Situational
Stop Reason Categorical
Arrest Type Categorical

Researchers can also include interactions between these covariates when theoretically
relevant for explaining treatment assignment. As discussed by Ba and colleagues (2021), CPD
officers can be coarsely compared based on what beat and shift they were assigned to during a
specific day and month of the year. This yields a high-dimensional interaction between the stop
features monthxdayxshiftxbeat that they refer to as “MDSB.” Comparing officers based on similar

MDSBs creates a situation where officers are behaving at the same times and places and have
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similar populations at risk for their contact.

Comparing officers based on similar beat assignment types ensures that officers performing
similar duties and functions are adequately compared against in addition to their geographic beat
location. This is ideal for an internal benchmark analysis but | contend that it is not sufficient on
its own because it fails to account for other factors that differentiate officers’ stop behavior within
MDSBs, such as where officers conducted a stop in a beat, what time of day they stopped someone,
and what the ecological context of that stop location was when they chose to stop someone.
Accordingly, additional interactions between other variables of interest may be required to produce
fair comparisons in the benchmark. Fortunately, interactions between covariates in the matching
models I estimate are iteratively tested based on their predictive capacity to best fit each officer’s
stop and arrest data distributions.

Unfortunately, one of the unique challenges to estimating propensity scores through
logistic regression is that the model performs poorly when the functional form of its predictor
variables is nonlinear, as is the case with high dimensional interaction terms (Huntington-Klein,
2021).2” As recommended by Ridgeway & MacDonald (2009), an optimal solution to this problem
is to use machine learning methods, such as boosted logistic regression models. According to
McCaffrey et al (2004, p. 8), “[b]oosting is a general, automated, data-adaptive algorithm that can
be used with a large number of pretreatment covariates to fit a nonlinear surface and predict
treatment assignment.” Unlike traditional logistic regression models, generalized boosting models
(GBM) produce probability estimates for treatment assignment without suffering from the

prediction errors induced by incorporating high-dimensional interactions and many covariates in

27 While functional form issues plague variance and bias in the logistic regression model predictions, others note that
having many covariates can quickly exhaust the degrees of freedom in the model as well (McCaffrey, Ridgeway, &
Morral, 2004)
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the model (McCaffrey et al., 2004). Moreover, boosting allows for a data-driven process to
determine the functional form of the relationship within different values of a predictor variable
and treatment assignment. This means that the matching model can allow for more flexible,
nonlinear relationships that may better characterize an officer’s stop behavior given the observed
variables at our disposal.

Using a boosting approach to matching officer stops offers several additional advantages
when compared to the MDSB approach used by Ba and colleagues (2021). It offers a data-driven
approach to probing distinct interactions between variables to maximize the accuracy of the
matching model for each officer in question. Accordingly, rather than relying on the MDSB, this
study takes advantage of the intuition behind boosting to model many complex variable
interactions and develop representative comparisons between officers instead of forcing a strict
comparison based on a single high-dimensional interaction.

The added benefit is that concerns about bias are further mitigated through the matching
procedure based on other important determinants of an officer’s stop behavior, which may not be
achieved using the MDSB alone. This includes consideration of temporal variation in stops and
arrests within shifts, which may reflect variation in patrol patterns and human routine activity
patterns that generate differences in officers’ stop and arrest behavior of non-White civilians.
Failing to account for this micro-temporal variation within shifts could lead to biased or inefficient
estimates of racial disparity. The approach utilized in this study also considers more micro-level
variation in patrol activity within beat assignments.

Another distinct advantage over the MDSB approach is that the matches created in this
procedure are interrogated based on their accuracy in generating a fair benchmark for an officer in

question. Comparing officers based on their beat assignments and temporal factors (month, day,
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shift) ensures comparisons made are based on officers performing similar duties under a similar
set of circumstances. However, unlike the approach in this study, the MDSB approach assumes
every comparison made within an MDSB is perfectly generated. Yet, for the reasons mentioned
above, MDSB comparisons alone may not be perfect. Accounting for potential imprecision in the
comparison is key to conducting a fair and unbiased assessment of racial disparity and is thus a
foundational component of the approach used in this study.

Given the many advantages of GBM, the question becomes how does it estimate the
propensity score differently than a traditional logistic regression model? The answer is iterative;
however, to better understand how this works it is best to adopt the notion that not one model can
effectively predict treatment assignment, but an ensemble of models can (Natekin & Knoll, 2013).
At the heart of a GBM is a series of iteratively derived regression trees predicting treatment
assignment on a given covariate that are added together to estimate a global propensity score.
Therefore, GBM is an iterative process that starts with estimating the propensity score using a
logistic regression model, checking which observations were poorly predicted, and re-estimating
the model iteratively while weighting poorly predicted observations greater to enhance their
prediction, which in turn enhances the matching model accuracy over many iterations. The

algorithm initially sets the propensity score, p(x), to a constant equal to the proportion of stops in

the dataset from the officer in question, which is measured through g(x) = log(%x()x)). Each

model iteration follows with a computed propensity score and its residual, which are then used to
identify small adjustments to add to this initial estimate and inform subsequent model iterations
and predictions that maximize the log-likelihood function of the GBM.

With the propensity scores, p;, estimated from the GBM procedure, weights are applied to

each stop for the internal benchmark analysis. Recall that the goal is to equalize the distribution of
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an officer’s stops with their internal benchmark per Equation (2), which can be achieved by

weighting stops through the formula:

pi = 1!
w(x) =4 Pi

1-p;’

Equation (4)

Weighting internal benchmark stops by their inverse probability of treatment ensures those stops

having features that are quite similar to the characteristics of stops by the officer in question will

have propensity scores near 1 and therefore receive weights near 1. Weights decay as dissimilarity

increases by way of the propensity score for the untreated stops, which is visualized in Figure 5.

As described by Hirano et al (2003), inverse probability weights provide one of the most precise

ways to estimate casual effects in propensity score matching procedures under conditions with

strong statistical power.

Figure 5. Weight Distribution by Treatment Status and Propensity Score
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One of the challenges to matching procedures is the need to make features of stops
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conducted by each officer in question comparable to features of stops conducted by other officers
that form their internal benchmark. As indicated in Figure 5, any benchmark stops with propensity
scores equal to zero are dropped from the analysis by the weight calculation in Equation (4). For
example, if an officer in question was the only officer assigned to a particular section-8 housing
complex, and was not assigned to any other places, they would not have an eligible set of stops to
be compared against. In other words, all candidate stops would have a propensity score near or at
zero and thus be dropped from the internal benchmark. Therefore, officers whose stops have no
valid comparisons must be omitted from the analyzable sample. More broadly, this refers to the
issue of common support in matching procedures, wherein analysts make sure there are appropriate
control observations to match the treated observations on (Caliendo & Kopeinig, 2008).

In alignment with prior research using GBM and internal benchmarking (e.g., Nguyen &
Ridgeway, 2023; Ridgeway & MacDonald, 2009, 2014; Ridgeway et al., 2020), | deployed an
iterative process to check and satisfy the common support condition. First, | tested the initial
balance between stop features for the officer in question with the distribution of stop features
generated from their internal benchmark after a first round of matching through GBM. In
borrowing from Ridgeway and MacDonald (2009), if an officer in question had at least one stop
feature that differed considerably from that of their internal benchmark, then the matching
procedure may not have generated a reliable comparison group. Put simply, if an officer has a stop
characteristic that differs from their internal benchmark, such as the level of concentrated
disadvantage in the block group that they conduct stops, and this is associated with the chances of
a Black civilian being stopped by police, then the benchmark will produce a biased estimate of
disparity. Accordingly, having any single stop feature differ between an officer in question and

their benchmark will diminish the validity of the benchmark altogether, thus | need to identify if
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and when this happens to ensure unbiased estimates of racial disparity.

| use a measure of standardized percent bias to capture the imbalance between the marginal
distributions of stop characteristics for an officer in question and their benchmark. This estimates
the distance in marginal distributions of the stop features between treated and untreated
observations based on the square root of the average of sample variances in both groups.
Standardized percent bias greater than 10% on any individual feature may be of great concern and
thus a sign of poor match quality (Caliendo & Kopeinig, 2008). Based on this information, | then
flagged any officer whose benchmark poorly matched their stop behavior.

In the next step, | explored each officer’s stop behavior to determine whether there were
any stops in which a reliable benchmark could be generated. Recall that in the original procedure,
all stops conducted by an officer in question are analyzed when estimating their benchmark (see
Equation 4). However, to induce comparability on at least some of their stops, | restricted their
sample of stops to only those in which they are not unique to a given stop feature. In following the
earlier example, if an officer conducted stops primarily in a section-8 housing complex that no
other officer works in, there is no way to generate a set of comparison stops; thus, I omit all those
stops while retaining any and other stops made by that officer that occur in places where other
officers have made stops as well. This provides at least some evidence of common support but
does not guarantee an improvement in comparability.

Accordingly, I then re-estimated each of these officers’ benchmarks and reassessed their
measure of standardized percent bias to determine if it fell within the acceptable threshold. If not,
I repeated this process until the officers’ benchmark yielded an acceptable measure of percent bias.
Officers whose number of stops never met the threshold for percent bias or did not have enough

stops to conduct the internal benchmark were removed from the final sample of officers. This
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consequently reduced the total sample of officers in the study and was done to ensure that officers
were fairly assessed through accurate benchmarks.
Reducing Bias in ldentification: Doubly Robust Estimation

Estimating racial disparities through the proposed internal benchmark analysis involves
calculating the racial distribution of stops conducted by the officer in question and the weighted
distribution of stops by their internal benchmark. A weighted bivariate logistic regression model
provides an optimal approach to estimate this difference:

exp (Bo + B1t) Equation (5)

Pr(Nonwhite = 1|x) = w
1+ exp (Bo + B1t)

where the outcome of interest is whether the stop involved a non-White citizen and t is a binary
indicator of whether the stop was conducted by the officer in question (t = 1). Propensity score
weights, w, were applied to all stops per Equation (4), and the standard error of 5;, which estimates
our treatment effect for racial disparity, was calculated using a sandwich estimator to account for
the weights (Ridgeway & MacDonald, 2009). Simply put, £; indicates whether the officer in
question engaged in more or less stops involving a non-White civilian relative to their peers.

For example, if 72% of a target officer’s stops involve Black civilians whereas only 45%
of stops involve Black civilians among their internal benchmark, this would likely indicate a racial
disparity. A logistic regression model estimates a statistically significant z-statistic for 5, based
on a two-tailed null hypothesis test, which will confirm or reject that the officer in question stops
a proportion of Black civilians that is significantly different relative to their peers in similar times,
places, and contexts. However, this estimate will be biased to the extent that the propensity score
weights fail to equalize the stop characteristic distributions between the target officer and their
internal benchmark. This could be due to a lack of balance on stop characteristics, omitted variable

bias in Equation (5), or both. Analysts can leverage a doubly robust estimation procedure to
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assuage these shortcomings to the estimation procedure.

Doubly robust estimation is a way to adjust the regression model used to estimate the
treatment effect in Equation (5) by incorporating covariates that might explain variation in the
probability of a stop involving a racial minority group. As recommended by Ridgeway and
MacDonald (2009), all stop covariates that were used to compile the characteristic distribution
(i.e., month, day, beat) were incorporated into the doubly robust estimation. The internal
benchmark analysis can provide robust results so long as either the original propensity score model
or the doubly robust estimation is properly specified (Huntington-Klein, 2021).2
Minimizing Type-1 Error: False Discovery Rates

Conducting the first two steps of the internal benchmark analysis yields a z-statistic for
each officer in the agency indicating whether they had a significantly different proportion of stops
involving racial minorities relative to their peers who conducted stops in similar times, places, and
contexts. However, the conventional method for testing their statistical significance is
inappropriate given that | am testing hundreds or perhaps thousands of values of z simultaneously
instead of just one. To understand the scope and nature of the problem, it is beneficial to recall
how a standard null hypothesis test is used to estimate the statistical significance of a z-statistic.

Recall that analysts reject the null hypothesis that an officer is not a bad apple (Ho: 5; = 0)
when the probability of observing the z-statistic obtained given the null is true is less than or equal
to 5% of the time—for a standard two-tailed test. Analysts arrive at this conclusion by first
establishing an acceptable significance level, which is dictated by a maximum acceptable
probability of rejecting the null hypothesis when it is true (i.e., Type-I error) and is traditionally

set at o = .05. Using this information, analysts specify a rejection rule that determines when the

28 See Waernbaum (2012) for an applied overview of doubly robust estimation within the context of matching
models.
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null hypothesis should be rejected, which involves determining whether the absolute value of a z-
statistic is larger than a critical value. The critical value is determined by both the Type-I error rate
and the distribution of z-statistics. The critical value is chosen so that the probability of a Type-I
error is 5% (o= .05), which is calculated as the 100(1- o/2) = 97.5" percentile on a standard normal
distribution N(0,1).2° All absolute values of z in the region of the normal distribution that fall
outside this percentile are deemed statistically significant. Calculating this difference as a value
gives us the p-value, which is 1-®(observed z-statistic). If the p-value exceeds the significance
level (p > .05), analysts cannot reject the null hypothesis given it is true less than or equal to 5%
of the time.

Analysts can use the standard null hypothesis test to determine whether an individual
officer deviates significantly from their benchmark and is, thus, a bad apple. However, recall that
each test has its own Type-I error probability, which will be compounded when many officers are
tested simultaneously. To see how this works, say | have 50 officers in the study setting, which
means | have (n = 50) z-statistics to test simultaneously. This is because each officer will have
their internal benchmark and thus their own estimate of deviation from that benchmark, 8, derived
from Equation (5). Assume Type-I error for these tests is set at 5% (a = .05). The chances of
identifying at least one officer as a bad apple by random chance yields the formula:

P(at least one bad apple) = 1 — P(no bad apples)"
=1-(1-0.05)>° Equation (6)
~ 0.92
where the chance that at least one officer is falsely identified as a bad apple is 92% if | test 50 z-

statistics at once. The chance of obtaining a false positive only increases as the number of officers

2% We use the standard normal distribution for the null hypothesis because it reflects the expected distribution of z-
statistics had they been sampled randomly up to an infinite number of times (Wooldridge, 2015).
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being tested simultaneously increases (Shaffer, 1995).

Although the exact costs of falsely claiming an officer engaged in racially-disparate police
behavior are unknown, soft organizational injustices and labeling could have downstream
consequences for officers’ self-legitimacy, productivity, and job satisfaction (Ashforth &
Humphrey, 1997; Wolfe & Nix, 2017). Accordingly, an alternative approach is necessary to
estimate the significance of these z-statistics that can control for the potential compounding risk
of Type-I error that arises with large-scale hypothesis testing.

One large-scale hypothesis testing approach is to identify bad apples by estimating the
probability that an officer exceeds their benchmark given the z-statistic they were assigned. If an
officer has a high probability of exceeding their benchmark given the z-statistic they were
assigned, then it stands to reason that they are a bad apple. Ridgeway and MacDonald (2009)
estimate this probability using the formula:

P(bad apple|z) = 1 — P(not bad apple|z) Equation (7)
where the probability that an officer exceeds their benchmark given their z-statistic,
P(bad apple|z), is solved by identifying the local false discovery rate (FDR), or the probability
that they do not exceed their benchmark given their z-statistic, P(not bad apple|z).*° Assuming
a solution exists for the local FDR, analysts can determine what the probability is that an officer
is a bad apple given their z-statistic. According to Ridgeway and MacDonald (2010), any
P(bad apple|z) = .50 would indicate the presence of a bad apple, or what could be roughly

described as an officer’s significant deviation from their internal benchmark .3

30 This is not to be confused with the global false discovery rate, which is defined by Benjamini & Hochberg (1995)
as the proportion of falsely rejected tests among the sample of tests in which the null was reject by the analyst.

3L Interestingly, this threshold equalizes the chances of Type-1 and Type-11 error by implying that the cost of failing
to identify a bad apple equals the cost of flagging a not-bad apple. The implications and potential adjustments to this
threshold assumption are addressed in a later section.
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In following Efron’s (2004) work on large-scale hypothesis testing, the FDR is solved
through the equation:

f(z|not bad apple) f (not bad apple)
f(2)

_ fo(2)f (not bad apple)
- f(2)

where f(z) is the observed density distribution of z-statistics for all officers, and f,(z) is the

P(not bad apple|z) =
Equation (8)

distribution of z-statistics of all officers that are not bad apples. Fortunately, f(2) is the density
distribution of the z-statistics obtained from the propensity score matching and doubly robust
estimation procedures. An exact estimation of f(z) is found by fitting a natural spline to the
histogram counts of the observed z-statistics.

As for f(2), it represents the empirically derived null distribution N(do, c0) that is based
on the density distribution of the observed z-statistics, f(z). Traditionally, this is set at standard
normal N(O, 1) in single-case null hypothesis testing (see footnote 30). In this large-scale
hypothesis testing situation, 1 need to reduce the risk of Type-I error by re-estimating the null
distribution because the standard normal distribution tends to be narrower (less conservative) than
what is generally appropriate for multiple hypothesis testing (Goeman & Solari, 2014). Efron
(2004) proposed estimating the empirically derived null distribution, N(do, 60), by fitting the curve
of the density distribution of f(z) to the histogram counts by Poisson regression and obtain the
center &g, and half-width of the central peak oo.

Next, | need to re-estimate the power in Equation (8), which is set by f(not bad apple).
Normally this is set at 80% in a single-hypothesis test, but doing so will increase the chances of
Type-1 error in large-scale hypothesis tests (Efron, 2004). Therefore, power must be specified to

more appropriately reflect the distribution of officers who are potentially not bad apples in the
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agency. In other words, | need to determine what is the acceptable probability of an officer not
being a bad apple. Standard practice is to set the power at 90%, with the justification that “large-
scale hypothesis testing is focused on identifying a small percentage of interesting cases that
deserve further investigation” (Efron, 2004, p. 97). Fortunately, this operates in the spirit of the
internal benchmark analysis and the bad apple conceptual framework, which assumes that a few
officers contribute to most of the problematic behavior in a police agency (Chalfin & Kaplan,
2021; Sherman, 1978; Walker et al., 2001).

With all three parameters obtained for Equation (8), I can estimate the local FDR to
determine which officers have a high probability of exceeding their benchmark given their z-
statistic. Any officer with a local FDR greater than .50 is deemed to be not a bad apple whereas all
those with a local FDR below .50 would be flagged as a bad apple. One tangible benefit to the
local FDR approach is that it allows for a null hypothesis test that is based on the observed
distribution of z-statistics that effectively equates to the actual population. The extent to which this
distribution differs from that of the expected standard normal distribution will contribute to
inaccurate significance tests in the benchmark analysis.

Although extensive empirical support exists for local FDR procedures in large-scale
hypothesis testing, there is one testable assumption that shapes the potential results regardless of
its empirical rigor. Analysts must assume what the acceptable probability of an officer being a bad
apple is given their z-statistic, or inversely what is the highest FDR they are comfortable with
(Ridgeway & MacDonald, 2009). More broadly, this highlights the tradeoff between Type-I error
vs Type-11 error—with the current cutoff set to have them equal (see footnote 32). This threshold
has received little theoretical attention given its novelty to research on racial inequalities in

policing. In such cases, it is more appropriate to report the results based on the bounds of these
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thresholds (Christensen & Connault, 2023).32 That is, when there is uncertainty about the
assumptions made in the FDR procedure, it is better to analyze all probable values derived from
these assumptions.

The results are reported from the local FDR procedure assuming the FDR must be at or
below .50, .25, and .05 for an officer to be flagged as a bad apple. Shrinking the FDR cutoff
increases the chances of Type-II error, thereby weighing the costs of falsely identifying a bad apple
more so than not flagging one. In this case, the expected number of bad apples will decrease as the
FDR cutoff shrinks, thereby yielding a smaller but more definitive sample of bad apples.
Collectively this provides a bounds approach design that the results will be reported on.

The Policy Exploration

Given the practical challenges of testing and remediating racial disparities in policing, the
following policy-relevant questions are designed to shed some insights into ways that police
agencies could attempt to address their disparity problem. Importantly, these questions can only
provide indirect evidence in support of (or against) the policies they speak to. This is because none
of the explored policies are tested in real settings, rather | use data to test questions related to these
policies using previously observed behaviors by CPD officers. Furthermore, when interpreting the
results from these analyses, mitigating racial disparity is referred to as the agency-level goal that
the analysis and policy address. However, the immediate outcomes in the analyses do not directly
measure agency-level racial disparities because their associated tests lack validity and can be
misleading. It is for these reasons that the outcomes are interpreted within the context of an

agency’s goal to mitigate racial disparities by suppressing or quelling the behavior of those officers

32 Similar applications exist in time series analysis, where analysts can face considerable uncertainty about the
properties of an observed time trend. In these cases, their causal inference models will suffer from reliability
concerns. Using a bounds approach allows analysts to test their model across all potential values that which they are
uncertain about to better understand their findings (Webb et al., 2019).
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who were previously identified as engaging in racially-disparate police behavior.
Officer Diversification

One of the central contributions of this study is to test police reforms that lack concrete
empirical evidence. Recent debates surrounding police reforms and racial discrimination center on
resolving the problem from within, primarily through training the current stock of officers and
hiring new ones to better meet the challenges that lie ahead. Lacking, however, is strong empirical
evidence of the effectiveness of these practices for mitigating racial disparities in a police agency.
Accordingly, this analysis explores whether officers with under-represented gender and racial
statuses engage in more racially equitable stop and arrest behavior than their White and male
colleagues—all while restricting attention to only those officers who were not found to have
engaged in racially-disparate police behavior.

The diversification analysis involves a three-part estimation procedure. First, | conduct a
series of internal benchmark analyses for each officer flagged as an outlier for racially-disparate
behavior in the agency. Specifically, | construct four distinct internal benchmarks for each outlier.
Each benchmark differs on one key demographic factor according to a diversification policy of
interest, such that one benchmark is comprised of stops/arrests conducted by all Black officers,
White officers, female officers, and male officers and compared to each outlier officer in question.
It bears noting that the benchmarks themselves are comprised solely of officers who were not
found to be outliers in the original analyses. Having a disparity-free reference group is what allows
the analysis to show whether race and or gender predicts differences in the extent to which
disparity-free officers engage in racially equitable stops/arrests.

When making the benchmarks, | use the same matching procedure described earlier, such

that stops of each internal benchmark are reweighted to make their characteristic distributions
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equal to those conducted by the sample of bad apples through Equation (2). Recall that the weight
function, w(x), equalizes the joint stop characteristic distributions, for which I solve through
Equation (4) by initially estimating the propensity score for being a bad apple—or the probability
of a stop having features x involves a bad apple officer f(bad apple = 1|x). All stop/arrest
covariates x used to predict treatment assignment in the original internal benchmark analysis were
also used as covariates in the policy exploration to maintain consistency (see Table 8). This allows
us to compare the racial distribution of stops conducted by bad apple officers to that of their peers
who, when conducting stops in similar times, places, and contexts, were either all White officers,
Black officers, male officers, or female officers.

After creating each benchmark for each outlier officer, the next step involves measuring
the extent to which an officer’s racial composition of their stops deviates from each of their
benchmarks (Black officer benchmark, White officer benchmark, female officer benchmark, male
officer benchmark) per Equation (5). While there will be a racial disparity in stops or arrests when
comparing an outlier officer to each of their benchmarks, the magnitude of this disparity may differ
based on the gender or race of the officers who made stops or arrests in each benchmark dataset.
This is measured as the percentage point difference in the racial composition of each outlier
officer’s stops and arrests relative to their internal benchmark, which will aid with subsequently
comparing the average of these differences between benchmarks.

Accordingly, in the final step of the analysis, I compare the percent-point differences
between Black-White benchmarks and male-female benchmarks across all outlier officers to
determine if, on average, White officers or Black officers differ in the racial equity of their traffic
stop behavior—after accounting for the fact that each set of stops are conducted by officers who

are not outliers and are matched similarly based on the context under which they made their stops.
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This is the crux of the policy exploration.

For example, if the all-Black officer benchmark yielded an average difference of 5
percentage points between the proportion of stops involving Black civilians when compared to the
sample of bad apple officers, and the all-White officer benchmark yielded an average difference
of 2.5 percentage points, the corresponding difference-in-disparities would be 2.5. If such a
difference is, on average, significantly different from zero across all outlier officer benchmarks,
this would indicate that Black officers engage in more racially equitable stops than their White
colleagues (among those who do not racially profile). This is because both benchmarks deviate in
their racial composition with the bad apples, yet Black officers do more so than White officers
under the same set of circumstances. | conducted a two-sample t-test with 10,000 bootstrap
replications to estimate these differences between benchmark groups, where the distribution of
observed disparity estimates for each benchmark are compared between race and gender.

Police Beat Assignment

Given the costs, contention, and or resistance that may be associated with encouraging
agencies to hire a more diverse workforce, some may look to resolve their disparity problems from
within (McCrary, 2007). One solution is to reassign officers in the agency who were identified as
bad apples to areas where they have a lower risk of engaging in such behavior (Goncalves & Mello,
2021). Reassigning the bad apples may offer agencies a simple, low-cost solution for their disparity
problem by simply reducing the chances that they may stop or arrest non-White civilians.
Importantly, this assumes that officers’ racially-disparate behavior will change across contexts,
though this has yet to be tested; thus, further empirical scrutiny is required before any formal
recommendation and implementation. Accordingly, | built a regression model to predict the

probability that an officer who was identified as an outlier in the original benchmark analyses
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engaged in racially-disparate stop and arrest behavior on a given day in a given beat. The question
at hand is whether disparate behavior is influenced by police beat composition, presumably due to
the opportunities they create based on the residential population of a police beat.

Here, the outcome of interest is a racial disparity estimate measured for each outlier officer
working on day t in beat k. The unit of analysis is thus measured at the officer-level, however,
given how assignments are structured in the Chicago Police Department, data are measured as
OfficerxDatexBeat (ODB). Table 8 presents an example dataset demonstrating the structure of the
data and the variables informing this analysis.

Table 8. Officer Beat Assignment Analysis Dataset Structure Demonstration

1 2 3 4 5 6 7
% Stops % Stops
Bad Apple Date Beat Black by Black by Disparit Po/g OJIZ?S;
Officer Assigned Bad Apple Other y glack
Officer Officers
Officer A 01/01/2012 0112 30% 30% 0 80%
Officer A 01/02/2012 0112 60% 50% 1 80%
Officer A 01/03/2012 0114 20% 10% 1 30%
Officer A 01/04/2012 0114 10% 20% -1 30%
Officer B 01/01/2012 2113 80% 60% 1 60%
Officer B 01/02/2012 2113 85% 50% 1 60%
Officer B 01/03/2012 4112 16% 20% -1 25%
Officer B 01/04/2012 0114 12% 10% 1 30%

To create the disparity estimate, | first observed the proportion of stops/arrests involving
Black civilians conducted by a bad apple officer based on the beat and day that they were assigned
to work from 2012 to 2015. For reference, this is measured in column 4 of Table 8. | then measured
the proportion of stops/arrests involving Black civilians conducted by other officers who were not
originally identified as outliers for each beat and day that a bad apple officer also worked (column
5 of Table 8). I finally take the difference between these two proportions to determine whether bad

apples arrested/stopped more (or less) Black civilians relative to their peers when assigned to the

96



same beats on the same days (measured in column 6 of Table 8). Positive values indicate bad apple
officers arrested/stopped a greater proportion of Black civilians relative to their peers, and negative
values indicate bad apple officers arrested/stopped a smaller proportion of Black civilians relative
to their peers.

One interesting feature of the stop and arrest disparity outcomes is their tri-modal
distribution, where values below zero tend to be near -1 and values above zero tend to be near +1,
and most values tend to be zero (See Figure 6). In both stops and arrests, the disparity indicator for
a given police beat on a given day is likely to be 0 with a small proportion of instances in which it
is above or below it. This poses a challenge to modeling disparities as they tend to take on one of
three values with interpretations for positive and negative values needing to be in reference to 0.
Accordingly, to prepare for the regression analysis, the disparity outcome was converted into two
separate dichotomous variables (Positive Disparity, Negative Disparity). Here, our positive
disparity variable was coded as 0 for all instances where a disparity value was equal to zero (equal
representation of Black civilians in bad apple behavior) and coded as 1 for all instances where the
disparity value was greater than zero (over-representation of Black civilians in bad apple
behavior). A second dichotomous disparity variable, referred to as the negative disparity variable,
was coded similarly as 0 for all instances where a disparity value was equal to zero, and coded as
1 for all instances where the disparity value was less than zero (under-representation of Black

civilians in bad apple behavior).
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Figure 6. Observed Disparity Distribution by Behavior
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The key independent variable of interest is the proportion of the residential population that
is Black in police beat k (see column 7 of Table 8). This is measured by aggregating the American
Community Survey 5-year estimates (2015) collected at the block group level.*® To reduce bias
and enhance precision in the regression analysis, | measured the number of violent crimes
(measured as Part-1 Uniform Crime Report offenses) at the beat level using publicly available data
from Chicago’s Open Data Portal. I also included a measure of the day-of-week, month-of-year,
and year to account for daily, monthly, and annual variations in disparities. I included a measure

of the number of bad apple officers assigned to police beat i on day t. This will capture any potential

33 Given the considerable overlap between block groups and police beats, census data were aggregated based on the
proportion of the area that which each block group is contained within each police beat.
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peer influences related to having more than one bad apple officer in a police beat. Lastly, I included
a measure of which outlier officer i was being analyzed on date t in beat k through fixed effects to
account for any variation in disparities that may be attributable to the officers themselves. A logit
model was estimated using maximum likelihood estimation and is of the general form:

Yikt = Po + f1%Black; + B,Crimey, + fzBadApples,: + Equation (9)

BsDayofWeek,, + BsMonthofYear,, + B¢Year, +

B,0f ficerInQuestion; + &;;
where y is a binary variable indicating either a positive or negative disparity for outlier officer i in
beat k on day t, with no disparity being the reference point. The primary variable of interest is the
proportion of a beat’s residential population that is White, which is estimated through ;. Temporal
variation, crime, and the number of bad apples working in beat k on day t are included as covariates
as well. The main policy-relevant question that Equation (9) answers is whether the share of Black
residents in a beat is associated with a reduced probability that an outlier officer engages in
racially-disparate stop/arrest behavior. As one might expect, just because an officer was found to
be an outlier in the original analysis over four years, it does not mean that they are always engaging
in racially-disparate behavior every day during every assignment. Accordingly, the focus of this
analysis is to see whether on days when they do engage in that behavior, it is more likely to occur
in contexts where the residential population is more likely to be Black.
Overview

The overarching purpose of this study is two-fold. The main purpose is to assess whether

any officers engaged in a pattern of behavior that would constitute racially-disparate policing based
on a leading approach to measuring officer-level disparities. In the next section, the results of this

analysis are presented. This begins with an overview of the sample of officers that comprise the
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arrest dataset and stop datasets. | then discuss the results of the matching procedure, paying
particular attention to those that did not match and reporting the number of officers that were thus
omitted from the main analysis. | proceed by discussing the results following the FDR procedure,
outlining how many officers (if any) were flagged as having significant estimates of racial disparity
after accounting for the elevated risk of false positive detection. | report these results based on
based on how much I outweigh the importance of failing to flag a bad apple officer (Type-II error).

| then discuss the demographic makeup of officers flagged as having significant disparity
estimates relative to those who did not. This will provide early insights into whether such
characteristics were associated with the chances of being flagged as an outlier. Lastly, | explore
whether racial disparities are behavior-specific by identifying to what extent officers had
significant disparities in their stop and arrest behavior. This will provide unique, data-informed
insights into a largely unexplored topic in the etiology of racial discrimination in policing:
behavioral invariance in racially-disparate police behavior.

The second purpose of this study is to answer theoretically motivated and policy-relevant
questions that seek to address racial inequalities at a micro level. The first set of analyses involves
comparing the racial distribution of stops/arrests made by bad apple officers to other officers in
the agency that conducted stops/arrests in similar times, places, and contexts but did not engage in
disparate behavior and differ on a key demographic feature (i.e., race, sex). | then determine
whether officers who did not engage in racially-disparate behavior and have under-represented
racial and gender statuses engage in more racially equitable behavior—after accounting for the
fact that their stops/arrests are matched similarly based on the context under which they are made.

In the next analysis, | explore whether officers who are at risk for engaging in racially-

disparate police behavior are less likely to engage in that behavior when working in jurisdictions
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with smaller populations of Black civilians. Building on the situational crime prevention
framework, the logic follows that by having these officers work in low-risk settings with fewer
opportunities to perpetuate racially-disparate police behavior, agencies can mitigate such behavior.
To do this, I constructed a regression model to predict the probability that an officer who was
identified as an outlier in the original benchmark analyses engaged in racially-disparate stop and
arrest behavior on a given day in a given beat over four years, and whether this probability was

lower in police beats with smaller residential concentrations of Black civilians.
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CHAPTER 4: RESULTS

Descriptive Statistics of Analyzable Samples

To begin, I highlight differences in the demographic composition of officers that comprise
the analyzable and general-use datasets for arrest and stop behaviors. | also compare the
demographic composition of officers in these datasets to that of the entire agency based on data
from the 2016 Law Enforcement Management and Administration Survey, all of which are
presented in Table 9. | do this to underline the extent to which these datasets are representative of
all officers in CPD, which is important when contextualizing the findings of the racial disparity
analyses.

Table 9. Comparison of Officer Characteristics Between Analyzable Sample and General
Sample for Arrest and Stop Data

Analyzable Data General Use 2016 LEMAS

Arrest Data Officer Sample Data Officer Sworn
Sample Personnel
(N =261) (N =6,015) (N =11,965)
Race Black 11% 24% 22%
Hispanic 28% 24% 23%
Other 4% 4% 3%
White 57% 48% 52%
Gender Female 10% 23% 22%
Male 90% 77% 78%
Spanish Speaking No 88% 86%
Yes 12% 14%
Age Mean 40 42
Sd 7 8
Min 28 22
Max 60 66
Total Arrests Mean 71 19
Sd 23 20
Min 50 1
Max 205 243
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Table 9. (cont’d)

Analyzable Data General Use 2016 LEMAS

S Officer Sample Data Officer Sworn
top Data S
ample Personnel
(N = 3,640) (N =6,504) (N =11,965)
Race Black 20% 24% 22%
Hispanic 25% 24% 23%
Other 5% 4% 3%
White 50% 48% 52%
Gender Female 22% 24% 22%
Male 78% 76% 78%
Spanish Speaking No 86% 86%
Yes 14% 14%
Age Mean 42 42
Sd 8 9
Min 26 22
Max 65 66
Total Stops Mean 170 218
Sd 140 225
Min 50 1
Max 1,354 2,028

Results from Table 9 reveal four main findings. First, the analyzable dataset of arresting
and stopping officers is not a perfect representation of the general-use dataset. There were only 19
arrests conducted per officer based on data from the general use dataset, which is far less frequent
than the average of 71 arrests per officer in the analyzable dataset of arrests. In contrast, each
officer in the general use dataset conducted 218 stops over the study period compared to 170 stops
in the analyzable dataset. What this means is that the analyzable sample of arresting officers may
be more active than the average CPD officer, while the sample of stopping officers may be less
active than the usual CPD officer. More on the implications of these findings will be discussed in

the conclusion chapter.
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Second, Black officers are generally under-represented among the analyzable sample of
arresting and stopping officers when compared to their composition in the general use datasets and
among sworn personnel across the entire agency. This should come as no surprise given that Black
officers across the general use sample conducted an average of 15 arrests over the study period,
which is 25% less than Hispanic officers and White officers (x = 20). Meanwhile, Black officers
conducted an average of 93 stops, which is 27% fewer stops than Hispanic officers (x = 128) and
33% fewer than White officers (x = 139). This is presented visually in Figure 7 through a series of
boxplots, which display the distribution of total stops and arrests by officer race between the types

of datasets and their averages (demarcated by the solid line in each box).
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Figure 7. Boxplot of Officer Arrest and Stop Distributions by Race
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Another finding revealed in Table 9 is that females are under-represented among arresting
officers, and slightly under-represented among stopping officers in the analyzable datasets relative
to their composition in the general use datasets and among sworn personnel across the entire
agency. Again, this is driven by the fact that female officers in CPD conduct, on average, fewer
arrests (x = 15) and stops (x = 111) compared to male officers (arrests X = 21, stops x = 130).

It is also important to recognize the overall reduction in sample size that is attributed to the
sample restrictions employed in this study. As is clear in Table 9 and Figure 7, most officers did
not conduct enough arrests to be considered for the internal benchmark analysis, which was

disproportionately concentrated among White officers and male officers. In contrast, most officers
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conducted enough stops to be considered for the internal benchmark analysis. It is important to
recognize these trends in representation as this will contextualize later findings related to
predicting who engages in disparate behavior and who engages in more racially equitable behavior.
Matching Procedure Results

When analyzing stops and arrests made by each officer in the sample, the matching
procedure was able to create a matched counterfactual dataset of stops and arrests for some but not
all officers. Specifically, the matching models identified a suitable benchmark for 53% of arresting
officers (N = 139). This is based on all measures of standardized percent bias for each arrest
characteristic being less than 10%. This deviation in the KS statistic was primarily due to most of
the officers’ arrests being made while on beat assignments that few others had, thereby making it
difficult to create a comparable set of arrests.

As noted in Table 10, officers with matched benchmarks were a few years younger and
made more arrests than their peers who had an unbalanced set of counterfactual arrests when
compared to the unmatched officer sample. | investigated the 124 unmatched arresting officers to
determine whether omitting their incomparable arrests would yield a more suitable benchmark.
This involved omitting arrests conducted by an officer in question whose matched benchmark of
arrests had extremely low propensity scores. Namely, all stops conducted by the officer in question
whose benchmark arrests had propensity scores among the 1% percentile of all propensity scores
in the arrest benchmark were omitted. Benchmark arrests with exceedingly low propensity scores
clustered on the arrest characteristics with the least common support; thus, omitting the

incomparable arrests by an officer in question will assist in achieving a more suitable benchmark.
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Table 10. Comparison of Officer Characteristics between Officers with Matched and
Unmatched Arrests and Stops

Officers With  Officers Without

Arrest Data Matches Matches
(N =139) (N =124) t (X3 p
Race Black 9% 14% (2.73) 0.45
Hispanic 30% 26%
Other 3% 5%
White 58% 56%
Gender Female 12% 7% (1.38) 0.30
Male 88% 92%
Spanish Speaking No 89% 87% (0.28) 0.69
Yes 11% 13%
Age Mean 38 41 -3.53 0.00
Total Arrests Mean 76 64 4,52 0.00
Officers With  Officers Without
Stop Data Matches Matches
(N = 3,010) (N =630) t (X3 p
Race Black 20% 18% (3.44) 0.33
Hispanic 25% 25%
Other 5% 4%
White 50% 53%
Gender Female 22% 19% (2.85) 0.10
Male 78% 81%
Spanish Speaking No 87% 85% (1.12) 0.31
Yes 13% 15%
Age Mean 41 43 -3.82 0.00
Total Stops Mean 179 131 8.48 0.00

Notes: All independent sample t-tests are estimated based on 10,000 bootstrapped replications.
P values represent bias-corrected estimates based on bootstrapping procedures. All Pearson X2
tests are estimated using p-values computed by 10,000 Monte Carlo simulations. All two-sample
t-test p-values are estimated with 10,000 bootstrap replications.

However, most officers conducted just above the bare minimum number of arrests to be
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considered for the initial benchmark analysis (N > 50) to begin with, which inevitably led to most
not having enough comparable arrests to re-estimate their benchmark after omitting many of their
incomparable arrests. As such, after accounting for officers with potentially poorly fitting
benchmarks, | analyzed 139 officers to determine who engaged in racially-disparate arrest
behavior in the subsequent analyses.

The matching procedure for stop data performed much better with 83% of officers (N =
3,010) having an adequately matched benchmark of stops. Much like arrests, officers who did not
have an adequately matched benchmark were those who conducted many of their stops while on
specific beat assignments that few other officers had. Officers with matched stop benchmarks were
a few years younger and had more stops than their peers who had an unbalanced set of
counterfactual stops. Again, the only significant difference between the sample of officers with
matched and unmatched stop benchmarks was that their mean age was slightly younger, and their
stop total was much higher. Accordingly, | analyzed 3,010 officers with suitable stop benchmarks
to determine who engaged in racially-disparate stop behavior.

Taken together, results from a series of Pearson X? tests and independent sample t-tests
shown in Table 10 demonstrate that there were no systematic racial and gender differences between
officers who had matched benchmarks and those who did not. This is important because it suggests
that race and gender were unrelated to the efficacy of the internal benchmarking procedure—which
serves as a strong foundation for assessing statistically unbiased potential differences in race and
gender among those who were and were not flagged as an outlier (someone who engaged in

disparate behavior) in the forthcoming analyses.

3 An alternative approach would be to reduce the number of arrests/stops required to be considered for the internal
benchmark analysis. However, as noted in Figure 1, a minimum of 50 arrests/stops is required for the analysis to
have adequate power. Thus, omitting these officers is required for a robust analysis.
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To better understand how the matching procedure worked, Table 11 and Table 12 present
results for two different officers that were matched based on the joint distribution of their arrest
and stop characteristics, respectively. As noted in each table, the marginal distribution of arrest
and stop characteristics made by other officers that comprise their benchmark are weighted per
Equation (4) to better approximate the characteristics of stops and arrests made by the officer in
question. This is presented in the second column. Unweighted stops and arrests are presented in
the third column to show how the marginal distribution changes after propensity score weighting.

The number of observations for each officer in question and their unweighted benchmark
indicates the number of arrests or stops they conducted. Accordingly, in this example, the arresting
officer made 65 arrests and their unweighted benchmark is comprised of 498 arrests. In the
weighted benchmark, the number of observations is measured as its effective sample size (ESS),
which captures the increase in sampling variance attributed to weighting the outcome (in this case
number of arrests involving Black civilians) based on the arrest characteristics included in the
matching model (see Table 7). The decrease in sample size from the unweighted to weighted
benchmark shows just how many arrests were reasonably comparable to the officer in question.

Table 11. Percent of Arrests Involving Black Civilians for an Officer-in-Question and

Internal Benchmark Sample from the Propensity Score Weighting
Internal Benchmark

Officer in Question Weighted Unweighted
Arrest Characteristic (N = 65) (ESS = 498) (N=1,674)
Month January 9% 10% 9%
February 8% 8% 9%
March 9% 10% 10%
April 12% 12% 9%
May 9% 9% 9%
June 12% 10% 9%
July 6% 7% 8%
August 15% 14% 7%
September 3% 5% 8%
October 9% 9% 8%
November 5% 5% 7%
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Table 11. (cont’d)

December 2% 3% 6%
Day of Week Sunday 12% 11% 15%
Monday 17% 17% 15%
Tuesday 5% 8% 13%
Wednesday 18% 15% 13%
Thursday 20% 20% 15%
Friday 11% 12% 14%
Saturday 17% 16% 15%
Time of Day 3-5 p.m. 40% 46% 48%
6-8 p.m. 48% 42% 38%
9-11 p.m. 12% 12% 14%
Police District 10 2% 4% 16%
11 98% 96% 84%
Beat Type Standard 86% 84% 70%
Location
Operational A 5% 5% 13%
Calendar Code
D 2% 2% 5%
No Code 94% 93% 82%
Concentrated Disadvantage 1.51 1.53 1.46

Notes: N is the number of arrests conducted, ESS represents the effective sample size,
concentrated disadvantage was measured using principal axis factoring according to 5-year
annual estimates from the American Community Survey measured at the Block Group level.
Time of day is rounded to the nearest 3-hour period.
For each officer in question, the benchmark has almost the same distribution of arrest and
stop characteristics, whereas the unweighted benchmarks exhibited considerable differences
compared to the officer in question. This shows how the matching procedure can successfully

generate a benchmark of stops and arrests that were conducted in the same times, places, and

contexts as the officer in question.
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Table 12. Percent of Stops Involving Black Civilians for an Officer-in-Question and Internal

Benchmark Sample from the Propensity Score Weighting

Officer in Internal Benchmark
Question Weighted Unweighted
(N =730) (ESS =716) (N
Stop Characteristic =116,181)
Month January 11% 13% 9%
February 13% 13% 9%
March 8% 10% 11%
April 8% 6% 9%
May 10% 9% 8%
June 14% 12% 8%
July 8% 6% 8%
August 7% 8% 8%
September 3% 4% 8%
October 6% 6% 8%
November 8% 9% 8%
December 4% 3% 6%
Day of Week Sunday 14% 13% 13%
Monday 19% 17% 14%
Tuesday 13% 13% 15%
Wednesday 14% 14% 15%
Thursday 18% 20% 14%
Friday 12% 13% 14%
Saturday 10% 10% 14%
Time of Day 12-2 a.m. 1% 1% 18%
12-2 p.m. 1% 1% 11%
3-5p.m. 78% 77% 25%
6-8 p.m. 18% 18% 25%
9-11 p.m. 3% 3% 22%
District 4 0% 1% 21%
6 9% 11% 19%
7 91% 88% 39%
9 0% 1% 22%
Beat Type Standard Location 14% 17% 66%
Operational A 2% 71% 4%
Calendar Code
B 5% 5% 4%
C 2% 2% 2%
D 0% 0% 2%
R 1% 2% 23%
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Table 12. (cont’d)

Other 1% 1% 4%
No Code 18% 20% 62%
Stop Type Investigatory Stop 16% 14% 13%
Other 2% 3% 28%
Suspicious Person 66% 67% 20%
Traffic Related 17% 16% 38%
Concentrated Disadvantage 1.86 1.85 1.27

Notes: N is the number of arrests conducted, ESS represents the effective sample size,
concentrated disadvantage was measured using principal axis factoring according to 5-year
annual estimates from the American Community Survey measured at the Block Group level.
Time of day is rounded to the nearest 3-hour period.

The matching procedure also accounts for the geographic distribution of each officer’s
stops and arrests by matching the exact locations where each officer makes their stops and arrests.
Figure 8 and Figure 9 show how stops and arrests conducted by officers in the benchmark receive
more weight when they are conducted in closer proximity to those of the officer in question, which
is indicated by the size of each point on the map. Here, all arrests (red) and stops (orange) made
by the officer in question receive the largest weight per Equation (4). Again, this is to show that
the matching procedure not only accounts for officer-specific geographic variation in their

behavior between beat assignments but also within them to create highly customized

counterfactuals for the internal benchmark analysis.
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Figure 8. Distribution of Arrests by Officer in Question and Internal Benchmark
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Figure 9. Distribution of Stops by Officer in Question and Internal Benchmark
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In summary, these benchmarks provide a set of counterfactual stops and arrests that took
place in the same circumstances for each officer in question. Accordingly, I can estimate the extent
to which each officer in question has a different proportion of arrests or stops involving Black
civilians relative to their benchmark with a high degree of internal validity. For demonstration,
these results are presented in Table 13, along with two additional arresting officers and stopping
officers for reference. The table reports the proportion of stops and arrests involving Black
civilians, with corresponding z-statistics and p-values indicating the statistical significance of their
differences.
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Table 13. Demonstration of Doubly Robust Benchmark Estimation
Officer Benchmark
%Black N %Black ESS PPD z p

Arresting Officer 1 98% 65 88% 568.2 105 215 0.03
Arresting Officer 2 95% 65 92% 105.6 3.0 5.66 0.00
Arresting Officer 3 98% 57 98% 2513 0.0 0.00 1.00
Stopping Officer A 69% 349 45% 628.6 24.1 7.20 0.00
Stopping Officer B 99% 730 98% 7636 14 203 0.04
Stopping Officer C 84% 75 84% 34772 0.2 0.04 0.97
Notes: N is the number of arrests or stops conducted by the officer in question, ESS
represents the effective sample size of each officer’s benchmark. (PPD) refers to
the percentage point difference between the proportion of stops/arrests involving
Black civilians and their internal benchmark. The PPDs may not perfectly
approximate observed differences due to rounding to the nearest integer.

As can be seen in Table 13, some officers have significantly larger proportions of stops
and arrests involving Black civilians relative to their peers who conducted stops and arrests in
similar times, places, and contexts. However, given the concerns with conducting the same
benchmark test a few hundred or perhaps several thousand times—see Equation (6), | employ a
multiple-hypothesis testing correction by controlling for the local false discovery rate. This will
shed light on which of these z-statistics remains statistically significant after controlling for an
increased risk of Type-I error, which allows me to be more certain about the accuracy of the
internal benchmark analyses.

False Discovery Rate Results
Arrests

Among the 139 officers in question with matched arrest benchmarks, approximately 20
arresting officers (14%) would have been deemed an outlier based on the absolute value of their
z-statistic being at least 1.96, or what is traditionally referred to as the 95% confidence level in a
standard two-tailed null hypothesis test. However, there is an increased risk of Type-I error given

the multiple hypothesis testing situation. Accordingly, I reduce the risk of falsely identifying an
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officer as arresting far more (or fewer) Black civilians relative to their peers by re-estimating the
statistical significance of these z-statistics based on the empirically derived null distribution of all
officers’ z-statistics in the arresting officer dataset.

Figure 10 visualizes the z-statistic distributions, where the standard null N(0,1) is reflected
by the dark green shaded region and the observed null N(0.1,1.6) is reflected by the light grey
shaded region. Each shaded region reflects the density distribution of their z-statistics. The
observed null has a slightly wider distribution than standard normal, which bears important
implications for false positive identification. Recall that to determine whether an officer exceeds
their benchmark given their z-statistic, | must first determine what the probability is that they do
not exceed their benchmark (i.e., FDR), which | obtain through the observed distribution of the z-
statistics in Figure 10. Then, | can determine what the probability is that an officer is an outlier

given their z-statistic and compare this to their FDR.
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Figure 10. Observed and Standard Normal Distributions of Z-Statistics
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In both stops and arrests, officers with z-statistics that fall just to the right of the 97.5%
percentile (or just to the left of the 2.5™ percentile) on a standard normal distribution would be
designated as an outlier based on the standard normal distribution. Yet, as can be seen by the
density distribution of the observed z-statistics, not all officers would fall beyond the same
percentiles given how many more officers have z-statistics in that region. Comparing officer z-
statistics to the observed distribution will provide a more conservative estimate of officers who are
potential outliers.

According to Ridgeway and MacDonald (2009), any officer who has a higher probability

of being flagged as an outlier than not being one (FDR < .50) would be considered to have a
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statistically significant z-statistic—given the distribution of observed z-statistics across all officers
with suitable benchmarks. Accordingly, those with z > 3.64 represent 4 of the 139 arresting officers
who have a higher probability of being an outlier given their z-statistic than not being one. These
officers represent the right side of the observed null distribution of z-statistics, thereby indicating
that they arrested a greater proportion of Black civilians relative to their peers in similar times,
places, and contexts. On the other side of that distribution, those officers with z < -3.56 represent
3 of the 139 arresting officers, of whom stopped far fewer Black civilians compared to their peers.
In total, 7 officers were identified as at-risk for engaging in racially-disparate arrests.

To expand on the work of Ridgeway and MacDonald (2009), | show how the results can
be disaggregated even further by how much Type-I error | am willing to accept in the internal
benchmark analyses. Accordingly, in Table 14 the results of how many officers are flagged as
outliers and are reported by direction of estimated disparity and by false discovery rate. As the
false discovery rate tolerance decreases (smaller Type-I error), the number of flagged officers
decreases.

Table 14. Estimated Number of Officers with Significant Disparity Estimates by
Direction of Disparity and False Discovery Rate Tolerance

False Discovery Arrests Stops

Rate Tolerance  Positive  Negative Total Positive  Negative Total
FDR < 50% 4 3 7 134 31 165
FDR <25% 3 3 6 81 11 92
FDR < 5% 2 0 2 50 5 55

Notes: FDR represents the false discovery rate

Stops

Turning now to the sample of stopping officers with suitable benchmarks (N = 3,010),
results indicate that 712 of them had a statistically significant doubly robust estimate of racial
disparity at the 95% confidence level using the traditional null hypothesis test. Much like the arrest

behavior, the observed distribution of z-statistics for stopping officers is much wider than the
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standard normal distribution (See Figure 10). When examining only those officers whose chances
of being flagged as an outlier exceeded their chances of not being one, the results indicate only
165 officers were at-risk for engaging in disparate stops. Officers with z > 3.91 represent the 134
officers who had a higher probability of being an outlier given their statistic than not being one.
These officers represent 81% of outliers and were flagged as such due to stopping a greater
proportion of Black civilians relative to their peers who worked in similar circumstances as they
did. The remaining 31 officers with z < -4.25 represent the 19% of officers who stopped
significantly fewer Black civilians relative to their peers.

Summary

There are two initial takeaways from these findings worth noting. First, officers who had
statistically significant disparity estimates in the benchmark analysis represent roughly 5% of all
arresting officers and stopping officers in the analyzed samples of data. This suggests that racial
disparities in officer behavior are concentrated among a small portion of police officers across the
agency. Although concentrations of criminogenic behavior and police misconduct have been
reported elsewhere (Christopher, 1991; Gottfredson & Hirschi, 1990; Wolfgang et al., 1972), such
a finding has been largely unreported in the etiology of racial disparities in police behavior.

After controlling for the risk of false discovery, the racial disparity identification procedure
employed in this study revealed considerably fewer outliers than previously suggested based on
the standard null hypothesis testing procedure. Specifically, the officers | identified as at risk for
racially-disparate arrest behavior (N = 7) represent only 23% of all officers who had significant z-
statistics for their internal benchmark analysis based on standard null hypothesis testing
procedures. Likewise, | identified only 44% of officers (N = 165) who originally had significant

z-statistics for their traffic stop internal benchmark. As shown in Table 15, the number of officers
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flagged as outliers only decreases as | further safeguard against the risk of false positive
identification.

This highlights the importance of accounting for the risk of false positive identification in
racial disparity analyses at a micro level. Failing to do so may lead to drastically different
conclusions about who potentially engaged in racially-disparate police behavior. Conducting
conservative analyses is thus important not just for reducing statistical bias, but for preserving an
organizationally-just climate through procedurally fair evaluation practices (Wolfe & Lawson,
2021). More broadly, being certain about who may be at risk and knowing the contextual factors
associated with why represents a key strength of the internal benchmarking procedure and offers
an important source of information that agency leaders can draw on to develop officer-specific and
problem-oriented reforms.

It should be noted here briefly that there are some potential drawbacks to the internal
benchmarking procedure. Most notably, it is a data-driven strategy that requires an ample number
of stops/arrests per officer. This was lacking among many CPD officers. The implications of
having a reduced sample will hinder the generalizability of the procedure’s findings to the agency.
The practical utility of deploying this procedure in smaller agencies thus becomes a concern given
many smaller agencies do not face the same extent of crime problems and officer demand that
CPD faces. The overall theoretical and practical implications of these findings will be discussed
in more detail in the concluding chapter of the dissertation.

Descriptive Statistics of Outlier Officers
Correlates of Outlier Officers
Before analyzing policy-relevant questions related to officer diversification, a key question

relevant to theoretical and political discourse about race and gender in policing is to what extent
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are these characteristics associated with officers who engage in racially-disparate behavior? For
example, are males more likely than females to be at risk for racial profiling? Some evidence
suggests that females are less likely to stop and arrest Black civilians, which could mean they are
less likely to racially profile in these behaviors (Ba et al., 2021). However, previous studies often
fail to account for important confounding factors (and the interactions between them) that could
explain racial differences in their behavior, such as where in their beat assignments they contact
civilians, at what time of day they make these contacts, and in what socioeconomic contexts.
Fortunately, the main advantage of conducting the internal benchmarking procedure is that
it provides an internally valid and statistically unbiased estimate of racial disparity for each officer
in the agency by accounting for where, when, and under what circumstances they make their stops
and arrests of Black civilians. What remains unexplained after conducting these benchmark
analyses is whether the officers who have a statistically significant estimate of racial disparity
differ on any key demographic characteristics from those who did not have significant disparity
estimates. Accordingly, in Table 15, I compare the demographic composition of officers who have
statistically significant estimates of racial disparity with those who do not to see whether there are

any differences in their individual characteristics.
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Table 15. Comparison of Officer Characteristics Between Officers with and without Racially
Disparate Arrests and Stops

At-Risk Not At-Risk
Arrest Data Officers Officers
(N=7) (N =132) t (X?) p
Race Black 0% 9% (1.07) 0.90
Hispanic 29% 30%
Other 0% 0%
White 71% 58%
Gender Female 14% 12% (0.06) 1.00
Male 86% 88%
Spanish Speaking No 86% 89% (0.09) 1.00
Yes 14% 11%
Age Mean 41 40 0.71 0.44
Total Arrests Mean 92 76 0.81 0.34
At-Risk Not At-Risk
Stop Data Officers Officers
(N =165) (N =2,845) t (X?) p
Race Black 22% 20% (4.42) 0.34
Hispanic 24% 25%
Other 4% 5%
White 50% 50%
Gender Female 21% 22% (0.29) 0.63
Male 79% 78%
Spanish Speaking No 88% 87% (0.51) 0.48
Yes 12% 13%
Age Mean 40 41 2.43 0.02
Total Stops Mean 203 178 1.84 0.05

Notes: All independent sample t-tests are estimated based on 10,000 bootstrapped replications.
P values represent bias-corrected estimates based on bootstrapping procedures. All Pearson X2
tests are estimated using p-values computed by 10,000 Monte Carlo simulations. All two-
sample t-test p-values are estimated with 10,000 bootstrap replications.
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Results from Table 15 reveal four main findings. First, there were no statistically significant
differences in the racial distribution of arresting officers who have significant racial disparity
estimates compared to those who do not. On a related note, the racial and ethnic distributions are
quite similar and not significantly different between officers who engage in disparate stop behavior
compared to those who did not engage in disparate stops.

Another interesting finding reported in Table 16 is that the composition of males and
females is quite similar between the sample of officers with and without racial disparities in their
stops and arrests. What this suggests more generally is that gender does not predict whether officers
have racial disparities in their behavior.

When examining other officers’ demographic information, results indicate that officers
with racial disparities in their stops are about a year younger than those who do not have disparities.
While this difference is quite small, it does correspond with other studies that have found younger
officers tend to have more complaints and allegations of misconduct against them (Kane & White,
2009; Wolfe & Piquero, 2011). The findings also reveal that officers who were deemed as having
significant racial disparities in their arrests have a similar total number of arrests as those without
disparities. However, those with stop disparities generally conducted more stops than those who
did not, which might align with past literature suggesting aggressive enforcers may be more
inclined to engage in discretionary and perhaps racially-disparate behavior (Skolnick, 1966).
Behavioral Invariance of Racial Disparities

One of the primary motivations behind analyzing multiple types of behavior in a racial
disparity analysis is that officers may have different “tastes” for racially-disparate policing, which
would be reflected in the different forms of behavior they engage in. Theoretical discourse on the

etiology of racial discrimination in policing has largely assumed that such behavior would be
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concentrated among a few officers who harbor deep-rooted racial prejudices towards a minority
group of people. This implies that officers who engage in racially-disparate policing must do so
across all their behaviors. Neither theoretical nor empirical research has yet to consider whether
discrimination is behaviorally invariant at an individual level—rather it has been merely implied
(see Thomaskovic-Devey et al., 2004). The question then becomes whether we should expect
officers to exhibit racial disparities across multiple types of their behavior; that is, are racial
disparities in the CPD behaviorally invariant?

To answer this question, | calculated the percentage of officers who had significant and not
significant disparity estimates for their arrest and stop behaviors. Among 3,043 officers, 3% of
officers had racial disparities in their arrest and or stop behavior. Among these 106 officers, 8%
of officers (N = 8) had significant disparity estimates only among their stops, about 1% (N = 1)
had a significant disparity estimate for only their arrests, and almost 1% of officers (N = 2) had
significant disparity estimates among their stops and arrests.

It should be noted that these findings represent a very small subset of officers to begin with.
These findings should be interpreted cautiously and replicated frequently in future research to
determine the consistency of these findings. What can be inferred from these findings is, however,
that racial disparities were not invariant across police behaviors in the CPD. Some officers have
disparities in their stop behavior while others do in their arrest behavior. In the CPD, concern about
racial disparities should not be isolated to any single behavior, otherwise, those officers identified
as at risk for racially-disparate policing may not reflect the entire universe of officers who were
perpetuating racial inequalities in the agency.

Officer Diversification Results

An unsolved question in current police reform debates is whether increasing racial and
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gender diversity in a police agency can reduce racial disparities in police outcomes. Previous
results suggest that race may play a role in predicting officers’ risk for engaging in racially-
disparate police behavior, but gender does not predict such behavior. However, the question
remains whether under-represented minority officers engage in more racially equitable policing
than their male and White colleagues.

Facilitating this empirical inquiry is a three-step process. First, | constructed four internal
benchmarks for each outlier officer—each benchmark differs on one key demographic
characteristic (all Black, White, female, or male officers, respectively). Officers who make stops
and arrests within these benchmarks are not outliers and thus represent the majority of officers
who do not engage in systematically disparate police behavior. Using this information, | then
generated a doubly robust estimate of racial disparity for each of the four benchmarks for each
outlier officer, which is measured as a percentage point difference between an outlier’s racial
composition of stops/arrests relative to their benchmark. Finally, | estimated the difference in the
percent-point difference between the Black officers” benchmark and the White officers’
benchmark across all outlier officers and did the same for female and male officer benchmarks.

Taking the difference in the distribution of these disparity estimates between benchmarks
and across all outlier officers will indicate whether the observed disparities in arrests or stops are
greater (or smaller) when comparing all Black officers that do not engage in racially-disparate
behavior to all White officers that also do not engage in racially-disparate behavior, and when
comparing all female officers that do not engage in racially-disparate behavior to all male officers
that do not engage in racially-disparate behavior. If, for example, disparities are larger for the
female benchmarks than the male benchmarks, taking this difference in the distribution of their

disparities would indicate whether females engage in more racially equitable police behavior than
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their male colleagues who work in the same times, places, and contexts as they do. In other words,
any marginal difference between benchmark disparity estimates is presumed to be a marginal gain
for racially equitable policing because neither group of officers engaged in disparate policing but
may stop or arrest a smaller proportion of Black civilians—a presumed “win” for diversification
advocates.

Table 16 presents the results of the officer diversity analyses, where disparity estimates are
presented as the average percentage point difference (APPD) in the proportion of stops/arrests
involving Black civilians for outlier officers relative to their internal benchmarks, which are
comprised of only Black officers and only White officers who were not deemed as outliers based
on the previous internal benchmark analyses. In the top panel, I consider only outlier officers who
were originally flagged as arresting and stopping a greater proportion of Black civilians relative to

their peers based on the standard FDR cutoff.
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Table 16. Disparity Estimates by Race and Direction of Original Disparity Estimate

- - L APPD 95% CI
Originally Positive Disparity Black White 0 Cower Upper

Arrests

FDR < 50% 13 14 0.89 -9 8

FDR <25% 10 15 0.33 -12 2

FDR < 5% 11 14 0.75 -14 8
Stops

FDR < 50% 6 7 0.01 -3 -1

FDR <25% 5 6 0.13 -3 0

FDR < 5% 5 6 0.44 -3 1

0,

Originally Negative Disparity BIackAPPDWhi 0 0 Lowe?fw CLIJpper
Arrests

FDR < 50% -28 -9 0.07 -34 -9

FDR <25% -28 -9 0.08 -34 -9

FDR <5% - - - - -
Stops

FDR <50% -18 -13 0.01 -10 -1

FDR <25% -20 -14 0.15 -13 2

FDR <5% -28 -13 0.16 -24 -3

Notes: (APPD) represents the average percentage point difference in the racial
composition of stops/arrests for outlier officers relative to their internal benchmarks. False
discovery rates (FDR) represent the probability that an officer exceeds their benchmark
given the z-statistic they were assigned—smaller cutoffs correspond to a smaller number
of “bad apple” officers in each sample. Differences were estimated using a two-sample t-
test with 10,000 bootstrap replications. (-) indicate there were no estimates due to there
being no officers with negative disparity estimates at that indicated FDR level.

For example, in examining the first row of the top panel, the results show that outlier
officers have, on average, a larger proportion of arrests involving Black drivers by about 13
percentage points (AAPD-Black = 13) when compared to their Black colleagues who do not
engage in disparate arrest behavior. In contrast, there is a 14-percentage point difference (AAPD-
White = 14) in the proportion of arrests involving Black civilians when comparing outlier officers
to their White colleagues. At face value, this might suggest that White officers engage in more

racially equitable arrests when compared to Black officers. However, taking the difference in these

yields a 1 percent-point difference, with estimates ranging between -9 and 8 at the 95% confidence
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level. This null finding holds across FDR cutoffs for arresting officers when considering outliers
who arrested a greater proportion of Black civilians relative to their benchmark.

When considering positive disparities for stopping officers, a different set of findings
emerged. Whereas outlier officers have a 6-percentage point difference (AAPD-Black = 6) in the
proportion of stops involving Black civilians when compared to their Black colleagues, there is a
7-percentage point difference (AAPD-White = 7) in the proportion of arrests involving Black
civilians when comparing outlier officers to their White colleagues. In other words, White officers
were stopping a slightly smaller proportion of Black citizens relative to their Black colleagues who
work in the same times, places, and circumstances. Unlike arrests, the difference in these AAPDs
was statistically significant, with estimates ranging between -3 and -1. More practically, this
suggests that White officers may engage in slightly more racially equitable stops when compared
to their Black colleagues. Importantly, this finding does not hold when trimming down the number
of outliers to reduce the risk of falsely attributing officers as engaging in racially-disparate
behavior.

The bottom panel of Table 16 considers only outlier officers who were flagged as
arresting/stopping a smaller proportion of Black civilians relative to their peers. AAPD estimates
are measured negatively to reflect this underrepresentation. When looking at the first row of the
bottom panel, the results show that outlier officers have, on average, a smaller proportion of arrests
involving Black drivers by about 28 percentage points (AAPD-Black = -28) when compared to
their Black colleagues who do not engage in disparate arrest behavior. In contrast, there is a 9-
percentage point difference (AAPD-White = -9) in the proportion of arrests involving Black
civilians when comparing outlier officers to their White colleagues. This suggests that White

officers conduct more racially equitable arrests when compared to their Black colleagues.
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However, with the small number of officers within this subgroup of outliers, these findings should
be interpreted cautiously.

The results for stops remain consistent across the direction of the observed racial disparity.
As seen in the bottom panel of Table 16, whereas outlier officers have an 18-percentage point
difference (AAPD-Black = -18) in the proportion of stops involving Black civilians when
compared to their Black colleagues, there is a 13-percentage point difference (AAPD-White = -
13) in the proportion of stops involving Black civilians when comparing outlier officers to their
White colleagues. The difference between these estimates varied between 10 and 1 at the 95%
confidence level, suggesting, again, that White officers may engage in more racially equitable
stops compared to Black officers.

Table 17 presents the results when internal benchmarks comprise only female officers and
only male officers. More specifically, the first two columns represent the AAPD when comparing
outlier officers to internal benchmarks comprised of stops and arrests made by only female officers
and by only male officers who did not engage in racially-disparate behavior according to previous
analyses. Results from both panels indicate that the disparity estimates generated from the female
benchmarks were slightly larger than for the male benchmarks when considering outlier officers
who conducted more arrests and stops involving Black civilians relative to their peers. These
differences are, however, not statistically significant across all FDR cutoffs. This suggests that
female officers and male officers make a similar proportion of arrests involving Black civilians
when they are situated in the same times, places, and contexts. This finding holds when considering
outlier officers who conducted a smaller fraction of arrests/stops involving Black civilians relative

to their benchmark as well.
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Table 17. Disparity Estimates by Gender and Direction of Original Disparity Estimate

- - o APPD 95% CI

Originally Positive Disparity Fermale Male 0 Cower Upper
Arrests

FDR < 50% 12 11 0.83 -7 11

FDR <25% 11 10 0.52 -7 16

FDR < 5% 15 10 0.51 -7 17
Stops

FDR < 50% 7 7 0.84 -1 2

FDR <25% 7 6 0.72 -2 2

FDR < 5% 7 6 0.79 -2 3

0,

Originally Negative Disparity FemaIeAPPDMaIe 0 Lowe?fw CLIJpper
Arrests

FDR < 50% -24 -11 0.60 -29 9

FDR <25% -24 -11 0.60 -29 8

FDR <5% - - - - -
Stops

FDR <50% -15 -13 0.15 -5 1

FDR <25% -19 -15 0.15 -9 1

FDR <5% -18 -14 0.46 -12 5

Notes: APPD represents the average percentage point difference in the racial composition

of stops/arrests for outlier officers relative to their internal benchmarks. False discovery

rates (FDR) represent the probability that an officer exceeds their benchmark given the z-

statistic they were assigned—smaller cutoffs correspond to a smaller number of “bad

apple” officers in each sample. Differences were estimated using a two-sample t-test with

10,000 bootstrap replications. (-) indicate there were no estimates due to there being no

officers with negative disparity estimates at that indicated FDR level.
Summary

The results from the diversification policy analyses bear two key findings. First, officers’

race may be inconsistently related to the racial equity of their police work. Previous research shows
an inconsistent relationship between officers’ race and engaging in racially-disparate behavior (Ba
et al., 2021; Brown & Frank, 2006; Headley & Wright, 2020). Findings from this study support
this, albeit they are highly sensitive to the level of risk regarding false positive identification of
outlier officers (i.e., FDR cutoff). Given the stark under-representation of Black officers in the

analyzable sample of data, it could be that these results are idiosyncratic to a subset of Black

officers in the agency who arrest and stop more Chicagoans than most of their Black colleagues.
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These findings should thus be interpreted within the context of the sample, not necessarily the
agency as a whole. Second, there were no gender differences in the racial equity of officers’ arrests
when comparing male and female colleagues who make stops and arrests in the same set of
circumstances. These results should be interpreted cautiously as they reflect behavior among a
very small number of female CPD officers who are particularly active compared to their fellow
female colleagues.

Police Beat Assignment Results

Results from previous analyses suggest that officers’ race and gender are inconsistent risk
factors for predicting which officers engage in racially-disparate behavior. Given the potential
concern with the consistency of those results, the next set of analyses test another potential avenue
for police reform that draws on a situational crime prevention framework to see whether change
in opportunity structures can alter racially-disparate police behavior. | analyze how the racial
composition of arrests/stops made by an officer who is at risk for engaging in racially-disparate
police behavior (bad apple) differs from that of their peers when working in the same police beats
on the same days over the four years.

As one might expect, simply because an officer was found to be an outlier in the original
analysis over four years, does not mean they will always engage in racially-disparate behavior
every day during every assignment. Accordingly, the focus of this analysis is to see whether on
days when they do engage in that behavior, it is more likely to occur when they are assigned to
police beats where the residential population has higher concentrations of Black civilians. The
logic behind the analysis is that the risk of perpetuating disparities can be potentially mitigated by
inhibiting the chances of these officers from arresting/stopping Black civilians in the first place.

Other theoretically relevant variables were included in the models to ensure these estimates
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were as precise and unbiased as possible. For example, I included the level of violent crime in a
police beat, the number of other officers that were deemed as outliers over the four years, and
temporal factors that help explain day-to-day, month-to-month, and year-to-year variation in
disparities. I also included a categorical variable indicating which officer is being analyzed in the
model to account for individual variation in the propensity to engage in disparate behavior that
may be driven by unobserved officer characteristics.

The outcome of this analysis (racial disparity) is categorical in nature given that most
observed differences in the racial composition of arrests/stops between outlier officers and their
peers were zero, while a small fraction of observations involved outlier officers having
arrested/stopped a greater and lesser proportion of Black civilians than their peers on any given
day in a given beat. Accordingly, when interpreting the results of the logistic regression analyses,
all estimates are based on a comparison between no disparity to either a positive or negative
disparity. Whereas positive disparity indicates an outlier officer arrested/stopped a greater
proportion of Black civilians than their peers in the same beat and day, negative disparity indicates
they stopped a smaller proportion of Black civilians than their peers. Results from these analyses

are presented in Table 18.
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Table 18. Logistic Regression Results of Officer Disparate Behavior by Beat Composition

Arrests (N = 1,357) Stops (N = 46,438)
No Disparity Compared to... No Disparity Compared to...
Variable Negative Positive Negative Positive
Disparity Disparity Disparity Disparity
(N = 64) (N = 96) (N = 12,499) (N = 4,130)
Beat Measures
% Black 18.79** 116.18** 3.40** 2.42%*
(0.86) (1.00) (0.26) (0.21)
Violent Crime 1.04 1.33 1.04 0.94*
(0.22) (0.23) (0.04) (0.03)
# of Bad Apples - 5.18** 0.78* 1.06
- (0.45) (0.11) (0.11)

Notes: *p <0.05; ** p<0.01; Results measured as Odds Ratios. Standard errors are clustered at
the beat level and noted in parentheses. N corresponds to the number of officerxdayxbeat
observations for each dataset. Positive disparity indicates bad apple officers arrested/stopped
proportionally more Black civilians than their peers in the same beat and day. Negative disparity
indicates bad apple officers arrested/stopped proportionally less Black civilians than their peers
in the same beat and day. All models include day of week, month of year, year, and officer-in-
question fixed effects. (-) indicate there were no estimates due to there being no data for that
variable.
Results from Table 18 reveal three main findings. First, the findings indicate that when comparing
the racial composition of stops and arrests made by a ‘bad apple’ officer and their peers on the
same day and in the same police beat, the odds of observing a racial disparity in that officer’s
arrests/stops is significantly higher when they work in police beats that have larger proportions of
the residential population that is Black. In other words, officers who are at risk for engaging in
racially-disparate arrest and stop behavior are more likely to engage in that behavior when they
work in jurisdictions with a higher proportion of Black residents.
To better understand this finding, Figure 11 displays the predicted probability of there
being an observed positive disparity in an outlier officer’s arrests/stops in police beat k on day t.
All predicted probabilities are about the percentage of a police beat’s residential population that is

Black, holding all other variables in Equation (9) at their means. While the predicted probability

is displayed as a best-fit line with 95% confidence bands, also displayed are the estimated
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probabilities themselves (shown as dots). Results indicate that the probability of an outlier
engaging in a disproportionately higher number of stops and arrests in a given day, for a given
beat, for a given outlier officer increases considerably as the residential population of that beat has
higher concentrations of Black residents.

Figure 11. Predicted Probability of Disparity

Arrests Stops

0.5 0.5

0.4 0.4
Pan Pan
= =
S S
@ 0.31 @ 0.31
&) &)
Y Y
[@] [@]
2 2
® 0.2 S 0.2
0 0
o o
o o

0.1 0.1

0.0 0.0

0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00
Percent Black in Beat Percent Black in Beat

The results for arrests should be interpreted cautiously in Table 18. These estimates were
based on seven officers’ arrests, which led to few instances of any disparity, and thus a high degree
of inconsistency in the parameter estimates. Moreover, because there were so few officers deemed
outliers to begin with for the arrest data, there were no instances in which multiple outlier officers
were working in the same beat on the same date, which meant that there was no way to estimate
the effect of having more than one bad apple officer in the same beat.

In addition, there was never an instance of a positive disparity where the majority of the

134



residential population was not Black to begin with (that is, greater than 50% of the population in
a police beat). There were only four instances of a negative arrest disparity when an outlier officer
worked in a police beat where the population was not predominantly Black as well. In other words,
arrest disparities for these officers almost entirely occurred in police beats where the residential
population was predominantly Black. This is perhaps surprising given that these outlier officers
were assigned to police beats where the residential population was predominantly Black less than
half the time. Put simply, the sheer infrequency of disparities coupled with the fact that they only
ever existed in predominantly Black police beats meant that the racial composition of a police beat
largely explained the disparities perpetuated by outlier officers. Given these data patterns and
potential limitations, the large odds ratios reported for positive and negative arrest disparities in
Table 18 may be reality, or they may be an artifact of the available data.

Another key finding from Table 18 is that the probability of officers stopping fewer Black
civilians than their peers is greater when outlier officers work in police beats with more Black
civilians. This is counterintuitive given the theoretical motivations behind the analysis. If anything,
one would anticipate negative disparities to be less likely to occur in settings where there are fewer
Black citizens living in a police beat. One potential explanation is that some officers may be
cognizant of the risks of engaging in racially-disparate behavior when working in higher-risk
contexts, thereby motivating them to stop and arrest fewer Black civilians than their peers.
Unfortunately, without quantitative or qualitative information based on CPD officer accounts, the
nature of this result is not well understood in the current study setting.

One interesting finding worth noting is that the chances of an officer stopping more Black
civilians relative to their peers decreases as they work in more violent beats—independent of the

racial composition of the beat itself. One potential explanation for this is that officers may be more
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inclined to conduct strategic stops and are more selective in whom they stop when working in
violent areas. That is, the threshold for stopping citizens is simply higher and perhaps less
influenced by extra-legal factors such as one’s race. Their decision-making in these more
dangerous beats is thus driven by a focus on officer safety, crime prevention, and or violence
reduction as opposed to implicit stereotypes or cognitive shortcuts.

The final key takeaway from Table 18 is that the odds of there being a positive disparity in
arrests for an outlier officer i in police beat k on day t is significantly greater when multiple officers
are working in that beat on that day who were previously identified as being at risk for engaging
in racially-disparate police behavior over the four years. In contrast, the odds of there being a
negative disparity in stops is far less likely as there are more bad apple officers working in the
same beat on the same day. This suggests that having more deviant peers in a beat may lead to a
higher chance of an outlier officer arresting more Black civilians relative to their non-deviant peers
in the same police beat and a lower chance of an outlier officer stopping fewer Black civilians
relative to their non-deviant peers.

Table 19 reports the results of the beat assignment analysis when restricting attention to
only those officers whose probability of being an outlier exceeded 75% and 95%, respectively. As
seen in the top and bottom panels, the results are consistent with the previous analyses when
examining stop outcomes. However, when examining stop outcomes, there was no longer a
relationship between an outlier officer stopping more Black citizens relative to their peers and the
concentration of Black civilians living in that beat. This suggests that the findings may be sensitive
to how certain we are of who engaged in racially-disparate police behavior. The implications of
these findings will be discussed in the conclusion of this study. These findings should be

interpreted cautiously, especially for the arrest data, given how few observations there are in both
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positive and negative disparity outcomes as the FDR cutoffs shrink.

Table 19. Logistic Regression Results of Officer Disparate Behavior by Beat Composition

with 25% and 5% False Discovery Rate Cutoffs

FDR <25%
Arrests (N = 1,362) Stops (N = 24,860)
No Disparity Compared to... No Disparity Compared to...
Variable Negative Positive Negative Positive
Disparity Disparity Disparity Disparity
(N =64) (N =95) (N =7,300) (N =2,183)
Beat Measures
% Black 24.69** 142 52** 3.54** 1.34
(0.88) (1.03) (0.19) (0.30)
Violent Crime 1.01 1.32 1.01 0.91*
(0.22) (0.23) (0.03) (0.05)
# of Bad Apples - 5.43** 0.76** 1.14
- (0.46) (0.06) (0.14)
FDR<5%
Arrests (N = 643) Stops (N = 16,179)
No Disparity Compared to... No Disparity Compared to...
Variable Negative Positive Negative Positive
Disparity Disparity Disparity Disparity
(N = 54) (N = 70) (N = 5,080) (N = 1,249)
% Black 1.06 281.89* 3.93** 1.09
(1.82) (2.55) (0.24) (0.38)
Violent Crime 1.00 0.87 1.01 0.89
(0.21) (0.29) (0.03) (0.07)
# of Bad Apples - - 0.71** 1.05
- - (0.06) (0.13)

Notes: *p <0.05; ** p<0.01; Results measured as Odds Ratios. Standard errors are clustered at
the beat level and noted in parentheses. N corresponds to the number of officerxdayxbeat
observations for each dataset. Positive disparity indicates bad apple officers arrested/stopped
proportionally more Black civilians than their peers in the same beat and day. Negative disparity
indicates bad apple officers arrested/stopped proportionally less Black civilians than their peers
in the same beat and day. All models include day of week, month of year, year, and officer-in-
question fixed effects. (-) indicate there were no estimates due to there being no data for that

variable at that the indicated FDR level.
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CHAPTER 5: CONCLUSION

Understanding the prevalence of racial inequalities in policing is a key focus of
criminological research and bears important implications for public health and public safety among
people of color. As such, many scholars have directed their attention toward identifying when
racial disparities in police behavior may exist, and what may give rise to these disparities in the
first place (Knowles, Persico, & Todd, 2001; Pierson et al., 2021; Rojek, Rosenfeld, & Decker,
2012). Lacking, however, is consistent evidence that documents the effectiveness of policy
innovations and police reforms to mitigate the consequences of racially-disparate police behavior.

To instigate evidence-based police reform, police command staff and policymakers must
consider what level of analysis their proposed reforms will be deployed as this will help achieve
their intended benefits (Lum & Koper, 2017). This requires proper specification of how to identify
and remediate racial disparities in police behavior at the same level of analysis. Integrating a focus
on identification and remediation is critical for catering innovations to police reform that reflect
the level at which inequalities exist. Doing so may provide police leaders with an ideal evidence-
based framework to understand and address racial disparities in policing.
Present Study

The present study sought to make three contributions to the literature on racial inequalities
in policing. The initial contribution of this study is to determine if racial inequalities in police
behavior are perpetrated by a subset of officers in a police agency. By analyzing data from police
officer shift assignments, stops, and arrests in the Chicago Police Department between 2012-2015,
this study specifically seeks to identify which officers disproportionately stopped and arrested
Black civilians after accounting for when, where, and under what circumstances they conducted

their daily police work.

138



Research has shown that police officer misconduct can be concentrated among a few
officers in the agency (Chalfin & Kaplan, 2021; Christopher, 1991), and this can be true for racial
disparities in traffic stop behavior as well (Ridgeway & MacDonald, 2009). However, the evidence
in favor of the latter finding is scant and relies on limited contextual information as to where, when,
and under what circumstances police officers work—all of which may help better explain their
disparate behavior. Drawing on a large source of data across a variety of contexts in one of the
largest and most diverse police departments in America, this study sought to shed new insights
into the study of racial disparities in policing.

The second contribution of this study is to test a series of policy-relevant questions that
may give rise to potential policy interventions based on the scope of racial disparities observed in
an agency. The first policy-relevant question | explored was whether officers with under-
represented racial and gender minority identities were more likely to promote racially equitable
behavior than their White and male colleagues. In drawing on theories of representative
bureaucracy, officers may be better equipped to engage in positive police-citizen interactions if
they can understand and address civilians’ life situations. As others have suggested, this may be
more likely to occur when officers reflect the demographic composition of their constituents.

Another policy-relevant question | explored was whether the residential composition of a
police beat was related to the probability of officers engaging in racially disparate behavior while
restricting attention to those officers who were at the most risk for engaging in racially disparate
behavior in the first place. Building on a situational crime prevention framework, | proposed that
police beats with higher concentrations of Black residents may reflect high-opportunity contexts
for racially disparate police behavior. If there are officers who are at an increased risk of engaging

in racially disparate police behavior, then having these individuals in predominantly Black police
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beats could amplify the chances that they perpetuate disparities. Accordingly, | assessed whether
outlier officers who worked in settings with more opportunities to contact Black citizens based on
the residential composition of the police beat an officer worked in was related to a higher
probability that they engaged in racially disparate behavior.

Lastly, this study contributes to the ongoing body of research that seeks to understand how
best to estimate racial disparities in police behavior by offering new insights into a micro-level
approach. While research on internal benchmarking procedures for racial disparities is not new,
this study shows that there are several relevant factors often absent in previous internal benchmark
analyses due to data limitations. I also show how findings may change based on the risk of Type-
| error that an agency is willing to accept when conducting internal benchmark analyses is large
police agencies, thereby paving the way for more transparent and theoretically informed
approaches in the future.

Summary of Findings

Several findings emerged from the analyses that warrant further discussion concerning past
research. The first set of analyses explored whether racial inequalities in police behavior were
perpetrated by some but not all officers in the agency. In alignment with past research (Ridgeway
& MacDonald, 2009), the results revealed that racial disparities in stops and arrests were
perpetrated by some but not all officers in the agency. More specifically, 5% of stopping officers
and arresting officers were found to have engaged in racially-disparate behavior, while most other
officers did not. The theoretical implications of this finding are that much like crime itself, racial
inequalities in police behavior can be concentrated at a micro level. This is one of the few studies
thus far to report such an empirical finding in the study of racial inequalities in policing (Ridgeway

& MacDonald, 2009). This finding also has practical relevance for Sherman’s (2007) power few
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hypothesis as it appears that racial disparities in police behavior may be well-suited for targeted
reform efforts.

As the later results reveal, scholars and police practitioners should consider the possibility
that racial disparities can vary by the behavior in question. When restricting attention to the 106
officers from which | could generate adequate internal benchmarks for their stop and arrest
behavior, the results showed that eight officers had significant disparity estimates only among their
stops, one officer had a significant disparity estimate for only their arrests, and two officers had
significant disparity estimates among their stops and arrests. This provides preliminary evidence
that, from a theoretical standpoint, racial disparities in CPD may not be behaviorally invariant.

There are, however, two competing schools of thought on the behavioral invariance of
racial disparities in police behavior—assuming such behavior could be broadly defined as a form
of organizational deviance. On one hand, adopting a generality of deviance perspective would lead
some to argue that there is truly no behavioral invariance in the disparate behaviors observed by a
small number of CPD officers. Rather, what was observed can be attributed to different
opportunity structures that help explain why some officers engaged in racially disparate stops in
the CPD and others engaged in disparate arrests. Indeed, while having low levels of self-control
tends to be a consistent predictor of juvenile delinquency and crime, such behavior can cease to
exist across individuals with low self-control because there lacks adequate opportunity structures
to offend in the first place (Gottfredson & Hirschi, 1990; Hay & Forrest, 2008; LaGrange &
Silverman, 1999). Therefore, having proper opportunities coupled with an underlying racial bias
or subconscious illusory correlation (or perhaps simply low self-control) is required for there to be
invariance among racially disparate behaviors in policing.

On the other hand, these findings could be interpreted as truly a lack of behavioral
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invariance, thereby resonating with Becker’s (1957) work on discrimination in labor markets. The
results show that officers may have different “tastes” for discrimination based on the behavior
under consideration. And so those identified as at risk for disparate policing may differ by the type
of behavior under consideration. Adopting a taste-based or statistical discrimination-based
perspective would lead some to conclude that there are specific factors that may help explain why
a subset of officers engaged in disparate arrests while other officers engaged in disparate stops.
For example, it could be that officer preferences are socialized and learned within workgroups
such as squads in a police beat, which in turn leads to the disparities observed in one kind of
behavior but not the other. As described by Crank (1998), this could come from a cultural
transmission of attitudes and beliefs about racial minority groups, which would help explain the
observed influence of one’s peers in shaping disparate behavior as well.

Unfortunately, a formal test of these two competing theoretical explanations for the lack of
behavioral invariance observed in this study is not possible due to the small sample size of officers
who had engaged in either disparate arrests, stops, or both. Understanding what these patterns of
disparate behavior are attributed to, whether it be due to changes in opportunity structures (e.g.,
loopholes identified by some officers in standard operating procedures) or because of cultural
learning processes that exist within specific workgroups, can shed key insights into potential
reforms. If the reason that officers engage in one kind of disparate behavior but not the other is
due to opportunity structures, then changes in standard operating procedures and officer
supervision may be a viable remediation strategy; otherwise, additional officer training (i.e.,
implicit bias training) and or shifts in workplace culture may be required. Future research should
consider replicating these analyses in other agencies to test the external validity of this result and

to provide additional insight into its practical implications for police reform.
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This leads to the next set of findings that shed light on some policy-relevant questions about
how agencies may respond to racial inequalities in police behavior. Interestingly, the results show
that officers who engaged in racially-disparate stop and/or arrest behavior share a similar gender
composition to those officers who did not engage in such behavior. The only consistent difference
between these two sets of officers is that “bad apples” were, on average, a year younger than those
who were not based on their stop behavior, whereas officers were a year older among bad apples
in their arrest behavior. While this finding may lack practical significance—not many agencies
will be too concerned about a one-year gap in officer age and its relation to disparate behavior—
it does align with findings on the relationship between officers’ age and the number of complaints
and allegations of misconduct against them (Kane & White, 2009; Wolfe & Piquero, 2011).

Results from this study also show that the difference in the proportion of stops and arrests
involving Black citizens is inconsistent and negligible when comparing male and female officers
who do not engage in racially disparate behavior. In other words, there is no reliable evidence that
officers’ gender consistently predicts racial equity in their stop and arrest behavior. In contrast,
results from this study show (albeit inconsistently) that White officers conducted more racially
equitable stops than their Black colleagues when restricting attention to those officers who do not
engage in racially-disparate behavior. Collectively, these findings contrast an empirically robust
line of research that shows both female officers and Black officers may be less likely to perpetuate
racial disparities in police outcomes (Ba et al., 2021; Goncalves & Mello, 2021; Hoekstra & Sloan,
2022). However, it is crucial to note that there was a noticeable under-representation of Black
officers and female officers in the analyzable sample of data. What these results may be speaking
to are thus a subset of officers in the agency who arrest and stop more Chicagoans than most other

Black officers and female officers in CPD. As such, the empirical investigation into whether
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officers’ race and gender matter in police agencies is far from complete. The results presented here
are a snapshot of CPD’s reality and should be investigated further in light of the inconsistent results
reported here.

In light of these inconsistent findings observed in a single agency, research should consider
how diversification policies theoretically and practically reap their intended effects on racially-
disparate police behavior. Scholars advocating for more female representation in policing have
largely relied on the idea that female “soft skills” explain the racial equity of their police behavior.
Yet, given the lack of empirical support in this study, it may be worthwhile to explore the causal
mechanisms that would generate this racial equity in police behavior.

One potential avenue worth exploring is how racial and gender identities are connected to
racial equity based on socialization and lived experiences. Does experiencing social
marginalization instigate an implicit or explicit preoccupation towards generating more equitable
police outcomes? Alternatively, this could induce a gendered and racialized general strain
stemming from identity conflicts, socialization pressures, and perceived discrimination (Isom &
Grosholz, 2019; Isom & Mikell, 2019). For example, Isom and Grosholz (2019) show that while
Black residents perceived injustices by police officers in Chicago were significantly related to
criminogenic coping mechanisms, there was no such relationship among White residents. They
attributed this to a racialized general strain specific to Black citizens’ identities and their
experiences with discrimination, which led to maladaptive responses towards society more
generally. However, it is difficult to attribute racial and gender identities to the findings observed
in this study without qualitative data to contextualize them. Future research should consider case
studies and qualitative research that can tie officers’ identities to their behavior and explore why

such behavior is (or is not) associated with those identities.
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Given the lack of consistent evidence suggesting officer demographics predict racially
disparate and racially equitable behaviors, it may be that racial inequalities in policing are driven
by a more systemic process, or at least shaped by situational factors. Indeed, when modeling police
beat assignments for officers who were found to engage in racially-disparate stop and arrest
behavior over four years, the results show that their behavior can be associated with their working
environments. When these outliers work in police beats with higher concentrations of Black
residents, they are far more likely to disproportionately stop and arrest Black civilians relative to
their peers working the same beat on the same day that they are.

The results are encouraging for Clarke’s (1995) theoretical propositions of situational
crime prevention and proponents of environmental criminology and routine activity theory. In
drawing from rational choice-based theories of organizational misconduct and discrimination in
labor markets (Arrow, 1963; Becker, 1968; Greve, Palmer, & Pozner, 2010), | find that police
officers’ behavior is malleable based on opportunity contexts. Higher opportunity contexts are
typically associated with a higher probability of an officer engaging in racially-disparate behavior.
This also corresponds with Goncalves and Mello (2021), who similarly found that Florida highway
patrol officers were less likely to discriminate in their traffic ticketing practices when patrolling
jurisdictions with fewer minority drivers on the roadways. More generally, this supports the
broader criminological literature which has shown that criminal offending can be reduced by
limiting access to desirable victims (for review, see Guerette & Bowers, 2009).

It is important to note that these findings are also met with some conflicting evidence.
Officers were more likely to stop fewer Black civilians than their peers even when they had more
opportunities to stop them. Racially-disparate behavior may therefore be sensitive to

environmental contexts, but the observed patterns were inconsistent and, at times, counterintuitive.
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What is needed moving forward is a deeper assessment of CPD officer behavior, perhaps through
social systematic observations in body-worn cameras (e.g., McCluskey et al., 2018; Todak &
James, 2018), to better understand the nature of this behavior and how they may develop
perceptions of suspiciousness in different environments. Moreover, it might be worth exploring
how much time officers spend actively on patrol when conducting disparity analyses. While some
research shows that officers’ decision-making may not be entirely motivated by making arrests
towards the end of their shift to dip into overtime pay (Chalfin & Gongalves, 2021), conducting
arrests in and of themselves may reduce opportunities to engage in disparate behavior. When data
are available, an important factor worth considering is thus how much time officers spend actively
patrolling compared to filling out reports, making arrests, and other non-patrol-related activities.
Another finding worth noting here is the importance of peers in shaping officers’ racially-
disparate behavior. The results show that when an officer who was deemed a “bad apple” works
in a beat where their fellow officers are also “bad apples” the probability of that officer engaging
in racially-disparate arrests increases significantly. In contrast, the probability decreases for
stopping Black civilians relative to their peers when working in police beats with fellow bad apple
officers. These findings have been described by Warr (2002) in his discussion of the etiology of
juvenile delinquency and peer relations: no longer is the question of whether peers matter but the
question that remains is how. While this study shows that peer relations shape officers’ propensity
to engage in racially-disparate behavior, these findings corroborate a growing body of research
that shows peer networks shape how officers learn about, perpetrate, and transmit misconduct in
the Chicago Police Department (Ouellet et al., 2019). Importantly, the relationship between
deviant peers and disparities was present but inconsistent. What is needed to move forward is more

research on how peers matter in shaping officers’ disparate behavior and when given that there is
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some preliminary evidence to suggest that they can under certain circumstances and for certain
behaviors.

Beyond the practical and theoretical findings discussed above, several methodological
findings warrant further discussion. One of the challenges to studying racial differences in police
behavior at a micro-level is that analysts must account for contextual factors if they seek to
understand why some officers stop and arrest more Black civilians than others. The more robust
approaches to this methodological challenge involve creating comparable situations in which
officer behavior can be analyzed by finding unique ways to restrict variation in their data (Ba et
al., 2021; Grogger & Ridgeway, 2006).

Isolating variation in data, however, is both a strength and a weakness. Data restrictions
require analysts to make stringent assumptions about the importance of what information should
be considered (and what should not) in a racial disparity analysis. This becomes especially
important when considering how to make an officer-to-officer comparison when officers may
conduct their daily work in vastly different working environments. The question at hand is thus
how best can we create an apples-to-apples setting from which we can reasonably determine who
engages in a disproportionately higher (or lower) rate of stops or arrests involving Black civilians
relative to other officers?

In one recent and prominent study of racial disparities at a micro-level, Ba and colleagues
(2021) place great importance on the month, day, beat, and shift assignment that each officer
works—arguing that accounting for these factors creates a comparable setting from which officers’
behavior can be analyzed. Yet, there still exist other factors that could influence whether some
officers are predisposed to stopping Black civilians within these variables, such as in what

neighborhood contexts they predominantly work within their police beats, what hour of the day
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they are patrolling on a given shift, and what might be the reason they stop someone in the first
place. Failing to account for these situational micro-temporal and spatial factors may mislead some
into believing an officer is an outlier when in fact their behavior may be due to these objective
factors.

In this study, | used a data-driven approach developed by Ridgeway and MacDonald (2009)
to generate officer-to-officer comparisons in a racial disparity analysis. | argue that a data-driven
approach may produce more useful models than a data-restrictive approach. This methodological
approach is perhaps best motivated by Box and Draper’s (1987) comments on model adequacy,
with the important question being how wrong a model must be to not be useful. I argue that the
most useful models in racial disparity analyses will draw on the most information readily available
to reflect the lived reality of an officer in question. | rely on computational algorithms to determine
how best to make the most of what information is available, rather than imposing assumptions on
what information should be used.

| argue that imposing data restrictions can create useful models as well, but only if such
restrictions are universally applicable to each officer’s lived reality. In this way, Ba and colleagues’
(2021) approach to generating officer-to-officer comparisons can be considered as a reduced form
of the approach deployed in this study, where data restrictions can conform to analysts’
expectations when the information corresponds to the reality of an officer in question. However,
when the gradient boosting algorithm finds a better way to model an officer’s reality, then my
model will yield more robust inferences because it is a data-driven approach, not a data-restrictive
one to generate comparisons. As recommended by Neil and Winship (2019) and demonstrated in
this study, using matching models (and gradient boosting capabilities) can have the most potential

to help agencies identify which officers engage in disparate behavior when the data permit—more
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on this later.

Another important methodological contribution demonstrated in this study is the
importance of accounting for the presumed risk of false positive identification in a racial disparity
analysis. One of the challenges to conducting officer-to-officer comparisons in an internal
benchmark analysis is that for every officer analyzed, the risk of a false-positive increase (see
Equation 6). There are many approaches to adjusting for this multiple-hypothesis testing bias;
however, this study demonstrated how controlling for the local false discovery rate offers analysts
a unique opportunity to incorporate additional assumptions about the acceptable risk of falsely
identifying an officer as an outlier relative to the risk of failing to identify an officer who is an
outlier. As shown at the beginning of this study, when an agency places a greater concern for the
risk of falsely identifying an officer as an outlier, the number of officers presumed to have engaged
in disparate behavior shrinks dramatically.

If agencies are contemplating an internal benchmarking approach for their racial disparity
analysis, they will need to come to terms with what they reasonably define as an acceptable level
of risk for falsely identifying an officer as an outlier when they may not be one. When such
benchmarking approaches are integrated into a proactive performance monitoring system, their
thresholds can be modified to officers’ behavior. For example, more potentially harmful behaviors
(e.g., uses of force) can have more inclusive thresholds than less harmful ones (e.g., pedestrian
stops). Here, the agency may be willing to accept higher chances of false positive identification
given the behavior in question is more immediately consequential. Moreover, agencies under
stricter public scrutiny may desire more inclusive thresholds than those who are more concerned
with upsetting their organizational culture and climate. This offers a more flexible and transparent

process by which agencies can assess potential racial disparities in their officers’ behavior, while
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also injecting theoretically relevant considerations that may substantially change their overall
findings.

However, it bears noting that shifting the false discovery rate embodies a tradeoff between
the potential gain/loss in police legitimacy externally and organizational justice internally. On one
hand, implementing a more inclusive threshold will perhaps reduce the chances of bad apples
skirting oversight and accountability measures, thereby restoring potential lost legitimacy in the
eyes of the public when such behaviors impact them. On the other hand, this will likely socially
martyrize officers and diminish their trust in the agency by being more willing to label them as
potential contributors to a greater problem. Accordingly, agencies need to weigh the value of
diminishing trust in the agency and gaining legitimacy in the eyes of the public when deciding on
a false discovery rate — perhaps through algorithmic solutions such as linear programming to best
determine the solution that meets their needs (Wheeler, 2020).

Study Limitations and Avenues for Future Research

This study is not without its limitations, which presents unique opportunities for future
research to build upon. For starters, academics debate over whether discriminatory policing is the
product of a “few bad apples.” Some contend that the whole agency is corrupt, which would imply
that making officer-to-officer comparisons for a racial disparity analysis is doomed from the start
(Walsh, 2021). This is because the analysis would either generate no outliers (those officers whose
behavior deviates statistically from others) or only identify the “worst of the worst” officers in an
already corrupt system.

Results from this study present a partial rebuttal: some officers deviate from others in the
racial composition of their stops with varying degrees of certainty as to how many. This suggests

that there is no complete homogeneity of discriminatory behavior in this sample. Officers in this
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sample exhibited considerable variation in their stop and arrest behavior, and that is reflected in
the racial composition of their stops and arrests within and between the beats that they regularly
work in. However, because the analytic procedure assumes that the majority of the sample does
not engage in disparate behavior, either the findings suggest that there is truly a small fraction of
officers as having engaged in disparate behavior, or that there is still a chance that the analyses
conducted in this study identify only the “worst of the worst.” This is a natural limitation to the
internal benchmarking strategy as a means for identifying disparities.

Nevertheless, proponents of systemic police reform would contend that remediating the
“worst of the worst” will do little to reduce racial discrimination in policing. In support of this
stance, Kaplan and Chalfin (2021) show there is very little utility in reducing use-of-force
complaints if the Chicago Police Department had replaced its top 10% of officers who generated
the most complaints in the agency. The results of this study present a unique opportunity for further
inquiry. Officers’ racially-disparate behavior was not shaped by their personal factors, which
would support the goals for more systemic reform efforts. Moreover, disparate behavior can be
shaped by environmental contexts and situational circumstances, though this finding is not nearly
as consistent nor intuitive as one might expect. However, the results are (at best) a mixed success
for systemic reformists because there was no way of knowing whether other reform strategies such
as implicit bias training could remediate those who were found to be perpetuating racial disparities.
Broadly speaking, further evidence is needed to determine whether a power-few framework or a
systemic reform framework is best suited for evidence-based police reform and racial disparities.

These findings and limitations shed light on some exciting opportunities for future
research. What if officers’ behavior is shaped by workgroup dynamics, cultural norms, and

accountability mechanisms? Evidence suggests that deviant peers and opportunity contexts
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influence officers’ propensity to engage in disparate behavior. Can agency-based or community-
based systemic controls inhibit officers’ behavior, and is their behavior influenced by a more
culturally normative process that manifests in their organizational environment or within their
communities? How might unmeasurable factors such as citizen demeanor impact observed
disparities? Answering these questions will require new methodologies, both quantitative and
qualitative. This might include using social systematic observations of body-worn camera data, or
conducting qualitative interviews with police officers during, before, and immediately after they
conduct routine pedestrian or traffic stops. Digging deeper into the potential situational dynamics
of police-citizen interactions, as well as the influence of squad and precinct processes through
qualitative research can bolster disparity analyses by triangulating evidence, which in turn can
generate more nuanced findings.

Apart from conceptual challenges with the identification of racial disparities, there are also
some conceptual challenges to the remediation of those disparities explored in this study. Most
notably, what are the immediate policy implications of officer diversification and reassignment?
The findings provide indirect evidence against diversification policies as a potential solution to
racially-disparate behavior given that officers’ gender and race did not serve as potential risk
factors. Some evidence suggests that there may be same-race leniency biases (Ba et al., 2021), but
as this study has shown with the same data there may be inconsistent differences (or none at all)
in how officers treat Black civilians regardless of their race and gender. This is, however, only
observational evidence that does not bear the same policy implications nor empirical rigor that
experimental evaluations of a diversification hiring initiative would. Thus, the verdict is still out
as to whether such policies are effective at responding to racially-disparate police behavior.

Results highlighting the influence of police beat composition on officers’ behavior are
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more encouraging but met with equally important caution and insights for additional research.
Officers who engage in disparate behavior over four years are less likely to engage in that behavior
on any given day when they work in jurisdictions with fewer Black civilians living there. This
does not provide evidence of whether re-assigning those officers to lower-risk jurisdictions can
reduce their behavior. Without a program evaluation coupled with a robust randomized
experiment, it is difficult to determine if officers’ behavior may change because of feeling
supervised and creating an experimental reactivity effect, or because they are re-assigned to lower-
risk locations.

One potential avenue for future research is to assess the utility of performance monitoring
systems, such as an early warning system, that can be used to allocate enhanced supervision among
officers who may be at risk of engaging in disparate behavior (Carter et al., 2024). Deploying a
randomized controlled trial of such an intervention system, informed by internal benchmark
analyses deployed in this study, may go a long way towards understanding if and how officers’
behavior may change to different accountability-enhancing or opportunity-reducing strategies to
control disparate police behavior.

As with all studies, a final cautionary reminder should be made regarding the limitations
of the data. As mentioned at the beginning of the results section, the original data obtained for this
study and the analyzable datasets may represent a subset of officers in the CPD that do not perfectly
embody the average officer. One potential explanation for the lack of consistency between data
sources is that the data originally collected by Ba and colleagues (2021) are a subset of all data
originally reported by CPD for their stops and arrests.

When looking at all arrests conducted between 2014 and 2016 in CPD (see Table 20), the

number of arrests conducted per sworn officer was 20 arrests for the entire agency (244,644 arrests
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+ 11,965 officers =~ 20 arrests per sworn officer). Meanwhile, there were only 19 arrests conducted
per officer based on data from the general use dataset during the same time period, which is much
less frequent than the average of almost 71 arrests per officer in the analyzable dataset of arrests.
What this means more generally is that the analyzable sample of arresting officers may be more
active than the average CPD officer. Unfortunately, it is not possible to determine whether the
sample of stopping officers is less (or more) active than the average CPD officer due to a lack of
publicly accessible department-level data on pedestrian and vehicle stops. Accordingly, it may be
that the behavior observed in the general use data reflects more (or less) active officers than the
average officer in CPD.

Table 20. Number of Arrests per Officer in Chicago Police Department (2014-2016)
by Data Source

Dataset Total Arrests ~ Total Officers  Arrests per Officer
Department-Wide Dataset 244,644 11,965 20
General Use Dataset 114,285 6,015 19
Analyzable Dataset 18,531 261 71

Notes: Department-wide dataset refers to original data collected directly from
Chicago Open Data Portal. General Use Dataset refers to the pre-cleaned data used
by Ba et al (2021). Analyzable Dataset refers to the dataset after all data cleaning for
the internal benchmarking analysis. Total officers represent total sworn officers with
arresting power according to 2016 LEMAS data. Arrests per officer are rounded to
the nearest integer.

Another important limitation worth considering is how data-demanding the internal
benchmarking analysis is. A minimum of 50 stops or arrests were needed to conduct the internal
benchmark analysis for an officer in question. While many officers conducted more than 50 stops
over the 4-year period, few officers conducted at least that many arrests during the same period.
This hindered the statistical power of the analyses for the policy-relevant questions and perhaps
the consistency of their findings as well. Moreover, without proper information regarding how

much police discretion was used when making stops and arrests, it may be difficult to discern how
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much the observed disparities are attributed to officers themselves.

For some, it might be far-fetched to assume that most CPD officers in the general use
datasets did not conduct 50 arrests over a 4-year period, however, when looking at the number of
arrests made per CPD officer using publicly available data from 2014-2016, Table 21 shows that
each sworn officer made about 6-8 arrests each year.® A similar pattern emerges when looking at
New York City Police Department (NYPD) officers between 2014-2016, in which sworn officers
made about 9-10 arrests per year. Even if one were to assume that less than half of sworn officers
in NYPD were considered regular patrol officers, there would still only be between 17 to 21 arrests
per officer in any given year.®® Similar results can be seen when examining the number of arrests
per officer in the Los Angeles Police Department.®’

Table 21. Number of Arrests per Officer by Agency (2014-2016)

City Year Total Arrests  Total Officers  Arrests per Officer
Chicago 2016 68,522 11,965 6
Chicago 2015 82,608 11,965 7
Chicago 2014 93,514 11,965 8
Los Angeles 2016 117,446 9,870 12
Los Angeles 2015 125,902 9,870 13
Los Angeles 2014 139,127 9,870 14
New York City 2016 313,473 36,634 9
New York City 2015 341,870 36,634 9
New York City 2014 380,600 36,634 10

Notes: Total officers represent total sworn officers with arresting power
according to 2016 LEMAS data. Arrests per officer are rounded to the nearest
integer and include both custody arrests and misdemeanor arrests.

What these results show collectively is that it might not be the arrest data that are

3 The arrest data for Chicago come from an open data portal: https://data.cityofchicago.org/Public-
Safety/Arrests/dpt3-jri9/data.

3 Arrest data come from the City of New York open data portal: https://data.cityofnewyork.us/Public-
Safety/N'YPD-Arrests-Data-Historic-/8h9b-rp9u.

37 Arrest data come from Los Angeles open data portal: https://data.lacity.org/Public-Safety/Arrest-Data-from-2010-
t0-2019/yru6-6red/about_data.
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unrepresentative of the agency, but that the internal benchmark analyses deployed in this study
may be unrealistic for certain police behaviors in large agencies, and unrealistic altogether in
smaller ones. Data analyzed in this study comes from one of the largest police departments in the
country, and the frequency of arrests per officer is similar across other large police agencies.
Accordingly, it is difficult to reconcile the utility of using the internal benchmarking analyses
used here for smaller agencies if nothing else because most officers would simply not be
applicable. If anything, the results from this study show that there is limited practical utility of
the benchmarking procedure outside of stops.

The question becomes, what is the “best” approach to studying racial disparities in police
agencies? Unfortunately, the answer is not absolute. For larger agencies, there are naturally more
approaches to explore and more levels of analysis that they may consider. If a large agency deals
with a fair amount of crime and traffic activity, then the internal benchmark stands a good chance
of providing the agency with a precise estimate of who is most at risk for perpetuating racial
disparities in pedestrian and traffic stops. This was the case for CPD, though it was not without its
limitations.

While large agencies agency can deploy several kinds of racial disparity analyses
conducted at higher levels of analysis such as a precinct, sector, or beat, smaller agencies will be
restricted to these aggregate levels and specific types of analyses. This is because they have far
fewer stops and arrests made by each officer, thus requiring them to analyze data at a larger level.
As such, it would be ill-advised for small agencies to conduct an internal benchmark analysis as
opposed to the Veil-of-Darkness method or one of the common non-experimental approaches.

In the end, there is no “silver bullet” racial disparity analysis for police agencies. Each has

its own set of limitations. Agencies that can deploy multiple types of analyses will stand a better
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chance at identifying potential racial disparities than those that cannot. Larger agencies stand the
most to gain given the fact that they will have such large sample sizes in their stops, arrests, and
use of force incidents. As shown in this study, they can also dig deeper into who may be
perpetuating those disparities (if they exist). However, smaller agencies can conduct more than
one kind of disparity analysis as well, such as coupling external benchmark analyses with a Veil-
of-Darkness method. These will be restricted to an aggregate level such as assessing disparities
across the entire agency. However, the best disparity analyses will depend on the data capacities
of the agency. Accordingly, agencies should self-assess what type of analysis best suits the data
infrastructure they have. It may also be worth considering new ways to collect data for racial
disparities as well. Perhaps measuring disparities using novel body-worn camera footage and
traffic dash cam footage may be one avenue towards solving the denominator problem that has
plagued disparity analyses in policing since its inception.

These cautionary notes are shared not to discourage or invalidate the contributions of this
study, but to remind the reader that these data are not perfect—as is the case in any study. In the
end, this study shows how important it is to capture the lived realities of police officers’ working
environment if analysts want to understand who engaged in racially-disparate behavior. Rather
than stopping there, this study further sheds light on some policy-relevant information that can
help guide police reform evaluations that target the immediate objects of interest—the power few.
I hope that such findings encourage scholars to continue their research on the study of racial
disparities in police behavior and recognize the challenges to identification, and prospects of policy
remediation, with the ultimate goal of finding ways to elevate the overall quality and fairness of

police practices and procedures.
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